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Preface 



This book is the second edition of a text designed for undergraduate courses in signals and 
systems. While such courses are frequently found in electrical engineering curricula, the 
concepts and techniques that form the core of the subject are or fundamental importance 
in all engineering disciplines. In fact, the scope of potential and actual applications of the 
methods of signal and system analysis continues to expand as engineers are confronted 
with new challenges involving the synthesis or analysis of complex processes. For these 
reasons wc feel that a course in signals and systems not only is an essenttal element in 
an engineering program bul also can be one of the most rewarding, exciting, and useTul 
courses that engineering students take during their undergraduate education. 

Our treatment of the subject of signals and systems io this second edition maintains 
the same general philosophy as in the first edition but with significant rewriting, restructur- 
ing, and additions. These changes are designed to help both the instructor in presenting the 
subject material and the student in mastering it. In the preface to the first edition we stated 
that our overall approach to >ignals and systems had been guided by the continuing devel- 
opments in technologies for signal and system design and implementation, which made it 
increasingly important for a student to have equal familiarity with techniques suitable for 
analyzing and synthesizing both continuous-time and discrete-time systems. As we write 
the preface to this second edition, that observation and guiding principle are even more 
true than before. Thus, while students studying signals and systems should certainly have 
a solid foundation, in disciplines based on the laws of physics, they must also have a firm 
grounding in the use of computers for the analysis of phenomena and the implementation 
of systems and algorithms. As a consequence, engineering curricula now reflect a hlend of 
subjects, some involving continuous-time mc-dels and others focusing on the use oi com- 
puters and discrete representations. For these reasons, signals and systems courses that 
bring discrete-time and continuous-time concepts together in a unified way play an in- 
creasingly important role in the education of engineering students and in their preparation 
for current and future developments in their chosen fields. 

It is with these goals in mind that we have structured this book to develop in parallel 
the methods of analysis for continuous-time and discrete-time signals and systems. This 
approach also offers a distinct and extremely important pedagogical advantage. Specifi- 
cally, we are able to draw on the similarities between continuous- and discrete-time meth- 
ods in order to share insights and intuition developed in each domain. Similarly, we can 
exploit the differences between them to sharpen an understanding of the distinct properties 
of each. 

In organizing the material both originally and now in the second edition, we have 
also considered it essential to introduce the student to some of the important uses of the 
basic methods that are developed in the bowk. Mot only does this provide the student 
with an appreciation for the range of applications of the techniques being learned and for 
directions for further study, but il also helps to deepen understanding of the subject To 
achieve this goal we include introductory treatments on the subjects of filtering, commu- 
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ntcatiois, sampling, discrete-time processing of continuous-rime signals, and feedback. In 
fact, in one of the majoi changes in this second edition, we have introduced the concept 
of frequency-domain filtering very early in our treatment of Founer analysis m cirder to 
provide both motivation for imd insight into this very important topic. In addition, we 
Rave again vrcluded an up-to-date bibliography at the end of the book in order to assist the 
student who js interested in pursuing additional and more advanced studies (if the rr.ethods 
and applications of signs! and system analysis. 

The organization ot the book reflects our conviction that full mastery of a subject 
{if this nature cannot be accomplished without a significant amount of practice In using 
and applying the LlhjIs that are developed. Consequently, in the second edition we have 
significantly increased the number of worked examples within each chapter. We have aNn 
enhanced wne of the key asset* of the ftvsi edition, namely the end-of-chapter homework 
problems. As in the first edition, we have included a substantial number of problems, 
totaling more than 600 in number. A majority of the problems included here are new and 
thus provide additional flexibility for the instructor in preparing homework assignments. 
In addition, in ordtr to enhance the utility of the problems for both the student and the 
instructor wehave made a number of other changes to the organization and presentation of 
the problems In particular, we have organized the problems in each chapter under several 
specific head L ngs, each {if which spans the material in the entire chapter but with a different 
objective. The first two sections of problems in each chapter emphasize the mechanics of 
using the basic concepts and methods presented in the chapter. For the first of these two 
section^ which has the heading Basic Problems with Answers, we have aAo provided 
answers (but not solution*) at the end of the book. These answers provide a simple and 
immediate way for the student to check his ot her understanding of the material The 
problems in this first section arc generally appropriate for inclusion in homework sets. 
Also, in order to give the instructor additional flexibility in assigning homework problems, 
we have provided a second section of Basic Problems for which answers have not been 
included. 

A third section of problems in each chapter, organizcd_iinder the heading of Ad- 
vanced Problems, is oriented toward exploring and elaborating upon the foundations and 
practical implications of the material in the ie>L These prohlems often involve mathe- 
matical derivations and more sophisticated use of the concepts and methods presented in 
the chapter. Some chapters also include a section of Extension Problems which involve 
extensions of material presented in the chapter and/or involve the use of knowledge from 
applications that are outside the scope of the main text (such as advanced circuits or me- 
chanical systerns). The overall variety and quantity of problems in each chapter will hope- 
fully provide students with the means to develop their understanding of the material and 
instructors with considerable flexibility in putting together homework sets thai are tailored 
to the specific needs oT their students. A solutions manual is also available to instructors 
through the publisher. 

Another significant additional enhancement lo this second edition is the availability 
of the companion book Explorations in Signals and Systems Using MATLAB by Buck. 
Daniel, and Singer. This book contains MATLAR^-based computer exercises for each 
topic in the text, and should be of great assistance to both instructor and student 

Stadems using this book are assumed to have a basic background in calculus as well 
as some experience in manipulating complex numbers and some exposure to differential 
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equations. With this background, the book is self-contained. Iti particular, no prior expe- 
rience with system anal>sis, convolution, Fourier analysis, or Laplace and ^-transforms is 
assumed. Prior to learning the subject of signals and systems most students will have had 
a course such as basic circuit theory for electrical engineers or fundamentals of dynamics 
for mechanical engineers. Such subjects touch on some of the basic ideas that arc devel- 
oped more fully in this text. This background can clearly be of great value to students in 
providing additional perspective as they proceed through the book. 

The Foreword, which foilows this preface, is written to offer the reader motivation 
and perspective for the subject of signals and systems in general and our treatment of it 
in particular. We begin Chapter I b> introducing some of the elementary ideas related to 
the mathematical representation of signals and systems. In particular we discuss trans- 
formations (such as time shifts and scaling) of the independent variable ot a signal. We 
also introduce some of the must important and basic continuous-time and discrete-time 
signals, namely real and complex exponentials and the continuous-time and discrete-time 
unit step and unit impulse. Chapter I also introduces block diagram representations of in- 
terconnections of systems and discusses several basic system properties such as causality, 
linearity and time -mvariance. In Chapter 2 we build on these last Lwo properties, together 
with the sifting property of unit impulses to develop the convolution -sum representation 
for discrete-time linear, time-invariant (LX1) systems and the convolution integral repre- 
sentation for continuous-time LT1 systems. In this treatment we use the intuition gained 
from our development of the discrete time case as an aid in deriving and understanding its 
continuous-time counterpart. We then mm to a discussion of causal, LTI systems charac- 
terized by linear constant-coefficient differential and difference equations. In this introduc- 
tory discussion we review the 1 hasic ideas involved in solving linear differential equations 
(to which most students will have had some previous exposure) and we also provide a dis- 
cussion of analogous methods for linear difference equations. However, the primary focus 
of our development in Chapter 2 is not on methods of solution, since more convenient ap- 
proaches are developed later using transform methods. Instead, in this first look, our intent 
is to provide the student with some appreciation for these extremely important classes of 
systems, which will bo encountered often in subsequent chapters. Finally, Chapter 2 con- 
cludes with a brief discussion of singularity functions — steps, impulses, doublets, and so 
forth — in the context of their role in the description and analysis of continuous-time LTI 
systems. In particular, we stress the interpretation of these signals in terms cf how they 
are denned under convolution— that is, in terms of the responses of LTI systems to these 
idealized signals. 

Chapters 3 through 6 present a thorough and self contained development of the 
methods of Fourier analysts in both continuous and discrete time and together represent 
the most significant reorganization and revision in the ^ecopd edition. In particular, as we 
indicated previously, we have introduced the concept of frequency- domain filtering at a 
much earlier point in the development in order t& provide motivation for and a concrete 
application of the Fourier methods being developed. As in the first edition, we begin the 
discussions in Chapter 3 by emphasizing and illustrating the two fundamental reasons 
for the important role Fourier analysis plays in the study of signals and systems in both 
continuous and discrete time: ( 1 ) extremely broad classes of signals can be represented 
as weighted sums or integrals cf complex exponentials; and (2) the response of an LTI 
system to a complex exponential input is the same exponential multiplied by a complex- 



number characteristic of the system. However, in contrast to the first edition, the focus of 
attention in Chapter 3 is on Fourier series representations for periodic signals in both con- 
tinuous time and discrete time. In this way we not only introduce and examine many of the 
properties of Fourier representations without the additional mathematical generalization 
required to obtain the Fourier transform for aperiodic signals, but we also can introduce 
the application to filtering at a very early stage in the development. In particular, tak- 
ing advantage of the fact that complex exponentials are eigenfiinctions of LT1 systems, 
we introduce the frequency response of an LTI system and use it te discuss the concept 
of frequency- selective filtering, tc introduce ideal fillers, and to give several examples of 
nonideal filter* described by differential and difference equations. In this way, with a min- 
imum of mathematical preliminaries, we provide the student with a deeper appreciation 
for what a Fourier representation means and why it is such a useful construct. 

Chapters 4 and 5 then build on the foundation provided by Chapter 3 as we develop 
first the continuous-lime Fourier transform in Chapter 4 and h in a parallel fashion, the 
discrete-time Fourier transform in Chapter 5, In both chapters we derive the Fourier trans- 
form representation of an aperiodic signal as the limit of the Fourier series for a signal 
whose period becomes arbitrarily large. This perspective emphasizes the close relationship 
between Fourier series and transforms, which we develop further in subsequent sections 
and which allows us to transfer the intuition developed for Fourier series in Chapter 3 to the 
more general context of Fourier transforms. In both chapters we have included a discus- 
sion of the many important properties of Fourier transforms, with special emphasis placed 
on the convolution and multiplication properties. In particular, the convolution property 
allows us to take a second look at the topic of frequency-selective filtering, while the 
multi plication property serves as the starting point for our treatment of sampling and mod- 
ulation in later chapters. Finally, in the last sections in Chapters 4 and 5 we use transform 
methods to determine the frequency responses of LTI systems described by differential and 
difference equations and to provide several examples illustrating how Fourier transforms 
can be used to compute the responses for such systems. To supplement these discussions 
(and later treatments of Laplace and ^-transforms) we have again included an Appondix at 
the end of the book that comains a description of the method of partial fraction expanaion. 

Our treatment of Fourier analysis in these two chapters is characteristic of the par- 
allel treatment we have developed. Specifically, in our discussion in Chapter 5. we are 
able to build on much of the insight developed in Chapter 4 for the continuous-time case T 
and toward the end of Chapter 5 we emphasize the complete duality in continuous-lime 
and discrete-time Fourier representations. In addition, we bring the special nature of each 
domain into sharper focus by contrasting the differences between continuous- and discrete- 
time Fourier analysis. 

As those familiar with the first edition will note, the lengths and scopes of Chapters 
4 and 5 in the second edition are considerably smaller than their first edition counterparts 
This is due not only to the fact that Fourier series are now dealt with in a separate chapter 
but also to our moving several topics into Chapter 6. The result, we believe, has several 
significant benefits. First, the presentation in three shorter chapters of the basic concepts 
and results of Fourier analysis, together with the introduction of the concept of frequency- 
selective filtering, should help the student in organizing his or ber understanding of this 
material and in developing some intuition about the frequency domain and appreciation 
for its petential appLcatiods, Then, with Chapters 3-5 as a foundation, we can engage m 
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a more detailed look at a number ol important topics and applications In Chapter 6 we 
late a deeper look, at both the time- and frequency-domain characteristics of LTI systems. 
Fcr example, we introduce magnitude- phase and Bode plot representations for frequency 
responses and discuss the effect of frequency response phase on the time domain charac- 
teristics of the output of an LTI system, in addition, we examine the time- and frequency- 
domain behavior of ideal and nonideal filters and the tradeoffs between these that must be 
addressed in practice. We also take a careful look at first- and second-order systems and 
their roles as basic budding blocks for more complex system synthesis and analysis in both 
continuous and discrete time. Finally, we discuss several other more complex examples 
of filters in both continuous and discrete time. These examples together with the numer- 
ous other aspects of filtering explored in the problems at the end of the chapter provide 
the student with some appreciation for the richness and flavor of this important subject. 
While each of the topics in Chapter 6 was present in the first edition, we believe that by 
reorganizing and collecting them in a separate chapter following the basic development 
of Fouri&r analysis, we have both simplified the introduction of this important topic in 
Chapters 3-5 and presented in Chapter 6 a considerably more cohesive picture of time- 
and frequency-domain issues. 

In response to suggestions and preferences expressed by many users of the first edi- 
tion we have modified notation in the discussion of Fourier transforms to be more con- 
sistent with notation most typically used for continuous-time and discrete-time Fourier 
transforms. Specifically, beginning with Chapter 3 we now denote the continuous-time 
Fourier transform as X(jfti) and the discrete-time Fourier transform as X{e '"). As with all 
options with notation, there is not a unique best choice for the notation for Fourier trans- 
forms. However, it is our feeling and that of many of our colleagues, that the notation used 
in this edition represents the preferable choice. 

Our treatment of sampling in Chapter 7 is concerned primarily with the sampling 
theorem and its implications. However, to place this, subject in perspecti ve we begin by dis- 
cussing the general concepts of representing a. continuous -time signal in terms of its sam- 
ples arid the reconstruction of signals using interpolation. After using frequency-domain 
methods to derive the sampling theorem, we consider both the frequency and time do- 
mains to provide intuition concerning the phenomenon of aliasing resulting from under- 
sampling. One of the very important uses of sampling is in the discrete-time process tug of 
continuous-time signals, a topic that we explore at some length in this chapter. Following 
this, we turn to the sampling of discrete time signals. The basic result underlying discrete- 
time sampling is developed in a manner that parallels that used in continuous time, and 
the applications of this result to problems of decimation and interpolation are described. 
Again a variety of other applications, in both continuous and discrete time, are addressed 
in the problems. 

Once again the reader acquainted with our first edition will note a change, in this case 
involving the reversal in the order of the presentation of sampling and communication* We 
have chosen to place sampling before communications in the second edition both because 
we can call on simple intuition to motivate and describe the processes of sampling and 
reconstruction from samples and also because this order of presentation then allows us 
in Chapter 8 to talk more easily about forms of communicahon systems that are closely 
related to sampling or rely fundamentally on using a sampled version of the signal to be 
transmitted. 
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Our treatment of communications in Chapter 8 includes an in -depth discussion of 
continuous-time sinusoidal amplitude modulation (AM), which begins with the straight- 
forward application of the multiplication property to describe the effect of sinusoidal AM 
in the frequency domain and to suggest how the original modulating signal can be recov- 
ered. Following this, we develop a number of additional issues and applications related 
to sinusoidal modulation, including frequency -division multiplexing and single-sideband 
modulation. Many other examples and applications are described in the problems. Several 
additional topics are covered in Chapter 8. The first of these is amplitude modulation of 
a pulse train and time-division multiplexing, which has a close connection to the topic of 
sampling in Chapter 7. Indeed we make this tie even more explicit and provide a look into 
the important field of digital communications by introducing and briefly describing the 
topics of pulse-amplitude modulation (PAM) and intersymbol interference. Finally, our 
discussion of frequency modulation (FM) provides the reader with a look at a nonlinear 
modulation problem. Although the analysis of FM systems is not as straightforward as for 
the AM case, our introductory treatment indicates how frequency-domain methods can 
be used to gain a significant amount of insight into the characteristics of FM signals and 
systems. Through these discussions and the many other aspects of modulation and com- 
muni cations explored in the problems, in this chapter we believe that the student can gain 
an appreciation both for the richness of the field of communications and for the central 
role that tbe tools of signals and systems analysis play in it. 

Chapters 9 and 10 treat the Laplace and ^-transforms* respectively. For the most part, 
we focus on the bilateral versions of these transforms, although in the last section of each 
chapter we discuss unilateral transforms and their use in solving differential and differ- 
ence equations with nonzero initial conditions. Both chapters include discussions on: the 
close relationship beiween these transforms and Fourier transforms; the class of rational 
transforms and their representation in terms of poles and zeros; the region of convergence 
of a Laplace or z-transfuim and its relationship to properties of the signal with which it is 
associated; inverse transforms using partial fraction expansion; the geometric evaluation 
of system functions and frequency responses from pole-zero plots; and basic transform 
properties. In addition, in each chapter we examine the properties and uses of system 
functions for LTI systems. Included in these discussions are the determination of system 
functions for systems characterized by differential and difference equations; the use of sys - 
tern function algebra for interconnections of LTI systems; and the construction of cascade, 
parallel- and direct-form block-diagram representations for systems with rational system 
functions. 

The tools of Laplace and ^-transforms form the basis for our examination of linear 
feedback systems in Chapter 11. We begin this chapter by describing a number of the 
important uses and properties of feedback systems, including stabilizing unstable systems, 
designing tracking systems, and reducing system sensitivity. In subsequent sections we use 
the tools that we have developed in previous chapters to examine three topics that are of 
importance for both continuous-time and discrete-time feedback s>stems. These are root 
locus analysis, Nyqnist plots and tbo Nyqui si criterion, and log -magnitude/phase plots and 
the concepts of phase and gain margins for stable feedback system*. 

The subject of signals and systems is an extraordinarily rich one, and a variety of 
approaches can be taken in designing an introductory course. It was our intention with 
the first edition and again with this second edition to provide instructors with a great deal of 
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flexibility sn structuring their presentations of the subject. To obtain this flexibility and to 
maximize the usefulness of this book for instructor, we have chosen to present thorough* 
in -depth treatments of a cohesive set of topics that forms the core of most introductory 
courses on signals and systems. In achieving this depth we have of necessity omitted in- 
troductions to topics such as descriptions of random signals and stale space models that are 
sometimes included in first courses on signals and systems. Traditionally, aL many schools, 
such topics arc not included in introductory courses but rather are developed in more depth 
in lollow-on undergraduate courses or in courses explicitly devoted to their investigation. 
Although we have not included an introduction to state space in the book, instructors of 
introductory courses can easily incorporate n into the treatments of differential and dif- 
ference equations thai can be found throughout the book. In particular, the discussions 
in Chapters 9 and 10 on block diagram representations for systems with rational system 
functions and or unilateral transforms and their use in solving differential and difference 
equations with initial conditions form natural points of departure for the discussions of 
stale-space representations. 

A typical one-semester course at the sophomore-junior level using this book would 
cover Chapters 1-5 in reasonable depth (although various topics in each chapLer are easily 
omitted at the discretion of the instructor) with selected topics chosen from the remaining 
chapters. For example, one possibility is to present several of the basic topics in Chapters 
6 -8 together with a treatment of Laplace and ^-transforms and perhaps a brief introduction 
to the use of system function concepts to analyze feedback systems. A variety of alternate 
formats are possible, including one that incorporates an introduction to stale space or one 
in which more focus is placed on continuous-lime systems by de-emphasizing Chapters 5 
and LO and the discrete- time topics in Chapters X 7, 8, and 1 1 . 

In addition to these course formats this book can be used a^ the basic text for a 
thorough, iwo-semester sequence on linear systems Alternatively, the portions of the book 
not used in a first course on signals and systems car, together with other sources, form the 
basis fora -iubsequem course. For example, much of the material in this book forms a direct 
bridge to subjects such as state space analysis, control systems, digital signal process.ng, 
communications and statistical signal processing. Consequently, a follow-on course can be 
constructed that uses some of the topics in this book together with supplementary material 
in order to provide an introduction to one or more of these advanced subjects. In fact, a 
new course following this model has been developed at MIT and has proven not onl> to 
be a popular course among our students but also a crucial component of our signals and 
systems curriculum. 

As it was with the first edition, in the process of writing this book we have been fur- 
tunaie to have received assistance, suggestions, and support tram numerous colleagues, 
students and friends. The ideas and perspectives that form the heart of this book have 
continued to evolve as a result of our own experiences in teaching signals and systems 
and the influences of the many colleagues and students with whom we have worked. We 
would like to thank Professor ian T Young for his contributions to the first edition of this 
book and to thank and welcome Professor Hamid Nawab for the significant role he played 
in the development and complete restructuring of the examples and problems for this iec 
ond edition. We alsu express our appreciation to John Buck, Michael Daniel and Andrew 
Singer for writing the MATLAB companion to the text. In addition, we would like to 
thank Jason Oppenheim for the use of one of his original photographs and Vivian Herman 
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for her ideas and help in arriving at a cover design. Also, as indicated on the acknowl- 
edgment page that follows we are deeply grateful to the many students and colleagues 
who devoted a significant nunit>er of hours to a variety of aspects of the preparation of this 
second edition. 

We would also like to express our sincere thanks to Mr. Ray Stata and Analog De- 
vices, Inc. for their generous and continued support of signal processing and this texi 
through funding of the Distinguished Professor Chair in Electrical Engineering. We also 
thank MJ.T. Tot providing support and an invigorating environment in which to develop 
our ideas. 

The encouragement, patience, technical support* and enthusiasm provided by 
Prentice-Hall , and in particular by Marcia Horton, Ibm Robbins, Don Fowley. and their 
predecessors and by Ralph Pescatore of TKM Productions and the production staff at 
Prentice-Hall, have heen crucial in making this second edition a reality. 



Alan V. Oppenheim 
AhmS.Willsky 



Cambridge, Massachusetts 



Foreword 



The concepts of signals and systems arise in a wide variety of fields, and the ideas and 
techniques associated with these concepts play an important role in such diverse areas of 
science and technology as communications, aeronautics and astronautics, circuit design, 
acoustics, seismology, biomedical engineering, energy generation and distribution sys- 
tems, chemical process control, and speech processing. Although the physical nature of 
the signals and systems that arise in these various disciplines may be drastically different, 
they all have two very basic features in common. The signals, which are functions of one 
or more independent variables* contain information about the behavior or nature of some 
phenomenon, whereas the systems respond to particular signals by producing other sig- 
nals or some desired behavior. Voltages and currents as a function of time in an electrical 
ciruuit are examples of signals, and acircmt is itself an example of a system, which in this 
case responds to applied voltages and currents. As another example, when an automobile 
driver depresses the accelerator pedal, the automobile responds by increasing the speed 
of the vehicle. In this; case, the system is the automobile, the pressure on the accelerator 
pedal the input to the system, and the automobile speed the response. A computer program 
for the automated diagnosis of electrocardiograms can be viewed as a system which has as 
its input a digitized electrocardiogram and which preduces estimates of parameters such 
as heart rate as outputs. A camera is a system that receives light from different sources 
and reflected from objects and produces a photograph, A robot arm is a system whose 
movements are the response to control inputs. 

In the many contexts in which signals and systems arise, there are a variety of prob- 
lems and questions that are of importance. In some cases, we are presented with a specific 
system and are interested in characterizing it in detail to understand how it will respond to 
various inputs. Examples include the analysis of a circuit in order to quantify its response 
to different voltage and current source* and the determination of an aircraft's response 
characteristics both to pilot commands and to wind gusts. 

In other problems of sjgnal and system analysis, rather than analyzing existing sys- 
tems our interest may be focused wn designing systems to process signals in particular 
ways. One very common context in which such problems arise is in the design of systems 
to enhance or restore signals that have been degraded in some way. For example, when 
a pilot is communicating with an air traffic control tower, the communication can be de- 
graded by the high level af background noise in the cockpit, in this and many similar cases, 
it is possible to design siysiems that will retain the desired signal, in this case the pilot's 
voice, and reject (at least approximately) the unwanted Signal, i.e., the noise. A similar 
set of objectives can also be found in the general area of image restoration and image 
enhancement. For example, images from deep space probes or earth-observing satellites 
typically represent degraded versions of the scenes being imaged because oflimitations of 
the imaging equipment, atmospheric effects, and errors in signal transmission in returning 
the images to earth. Consequently, images returned from space are routinely processed 
by systems to compensate for some of these degradations. In addition, such images are usu- 
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ally processed to enhance certain features, such as lines (corresponding, for example, to 
river beds 01 faults) or regional boundaries in which there are sharp contrasts in color or 
darkness. 

In addition to enhancement and restoration, in many applications there is a need to 
design systems to extract specific pieces of information from signals. The estimation of 
heart rate from an electrocardiogram is one example* Another arises in economic forecast- 
ing. We may. for example, wish to analyze the history of an economic time series, such as 
a set of stuck market averages, in order to estimate trends and other characteristics such 
as seasonal "variations that may be of use in making predictions about future behavior. In 
other applications, the focus may be on the design of signals with particular properties. 
Specifically, in communications applications considerable attention is paid to designing 
signals to meet the constraints and requirements for successful transmission For exam- 
ple, long distance communication through the atmosphere requires the use of signals with 
frequencies in a particular part of the electromagnetic spectrum. The design of communi- 
cation signals must also take into account the need for reliable reception in the presence 
of both distortion due to transmission through the atmosphere and interference from otheT 
signals being transmitted simultaneously by other users. 

Another very important class of applications in which the concepts and techniques 
of signal and system analysis arise are those in which we wish to modify or control the 
characteristics of a given system, perhaps through the choice of specific input signals or 
by combining the system with other systems. Illustrative of this kind of application is the 
design of control systems to regulate chemical processing plants. Plants of this type are 
equipped with a variety of sensors that measure physical signals such as temperature, hu- 
midity, and chemical composition. The control system in such a plant responds to thess 
sensor signals by adjusting quantities such as flow rales and temperature in order to regu- 
late the ongoing chemical process The design of aircraft autopilots and computer contrcl 
systems represents another example. In this case, signals measuring aircraft speed, alti- 
tude, and heading are used by the aircraft's control system in order to adjust variables such 
as throttle setting and the position of the rudder and ailerons. These adjustments are made 
to ensure that the aircraft follows a specified course, to smooth out the aircraft's ride, and 
to enhance its responsiveness to pilot commands. In. both this case and in the previous ex- 
ample of chemical process control, an important concept, referred to as feedback, plays a 
major role, as measured signals are fed back and used to adjust the response characteristic s 
of a system. 

The examples in the preceding paragraphs represent only a few of an extraordinarily 
wide variety of applications- for the concepts of signals and systems. The importance of 
these concepts stems not only from the diversity of phenomena and processes in which 
they arise, but also from the collection of ideas, analytical techniques, and methodologies 
that have been and are boing developed and used to solve problems involving signals and 
systems. The history of this development extends back over many centuries, and although 
most of this work was motivated by specific applications, many of thes£ ideas have proven 
to be of central importance to problems in a far larger variety of contexts than those for 
which they were originally intended. For example, the tools of Fourier analysis, which 
form the basis for the frequency-domain analysis of signals and systems, and which we 
will develop it) some detail in this book, can be traced from problems of astronomy studied 
by the ancient Babylonians to the development of mathematical physics in the eighteenth 
and nineteenth centuries. 



Foreword xxv 

In some of the examples that we have mentioned, the signals vary continuously in 
tinie, whereas in others, their evolution is described only at discrete points iti time. For 
example, in the analysis of electrical circuits and mechanical systems we are concerned 
with signals that vary continuously. On the other hand, the daily closing stock market 
average is hy its very nature a signal that evolves at discrete points in time (i.e., at the 
close of each day). Rather than a curve as a function of a continuous variable, lhen r the 
closing stock market average is a sequence of numbers associated with the discrete time 
instants at which it is specified. This distinction in the basic description of the evolution of 
signals and of the systems that respond to or process these signals leads naturally to two 
parallel frameworks for signal and system analysis, one for phenomena and processes that 
are described in continuous time and one for those lhat are described in discrete time. 

The concepts and techniques associated both with continuous- time signals and sys- 
tems and with discrctotime signals and systems have a rich history and are conceptually 
closely related. Historically, however, because their applications have in the past been suf- 
ficiently different, they have for the most part been studied and developed somewhat sepa- 
rately. Continuous-time signals and systems have very strong roots in problems associated 
with physics and, in the more recent past, with electrical circuits and communications. 
The techniques of discrete-time signals and systems have strong roots in numerical analy- 
sis statistics, and time- series analysis associated with such applications as the analysis of 
economic and demographic data. Over the past several decades, however, the discipline* 
of continuous- time and discrete-time signals and systems have become increasingly en- 
twined and the applications have become highly interrelated. The major impetus for this 
has come from the dramatic advances :n technology for the implementation of systems 
and for the generation of signals. Specifically, the continuing development of high-speed 
digital computers, integrated circuits, and sophisticated high-density device fabrication 
techniques has made it increasingly advantageous to consider processing continuous-time 
signals by representing them by time samples (i,e,, by converting them to discrete-time 
signals). As one example, the computer control system for a modem high-performance 
aircraft digitizes sensor outputs such as vehicle speed in order to produce a sequence of 
sampled measurements which are then processed by the control system. 

Because of the growing interrelationship between continuous-time signals and sys- 
tems and discrete-time signals and systems and because of the close relationship among 
the concepts and techniques associated with each, we have chosen in this text to develop 
the concepts of continuous-time and discrete-time signals and systems in parallel. Since 
many of the concepts are similar (bot not identical), by treating them in parallel, insight 
and intuition can be shared and both the similarities and differences between them become 
better focused. In addition* as will be evident as we proceed through the material, there 
are some concepts that are inherently easier to understand in one framework than the other 
and, once understood, the insight is easily transferable. Furthermore, this parallel treatment 
greatly facilitates our understanding of the very important practical contexi in which con- 
tinuous and discrete time are brought together, namely the sampling of continuous-time 
signals and the processing of continuous-time signals using discrete-time systems. 

As we have so far described them, the notions of signals and systems are extremely 
general concepts. At this level of generality, however, only the most sweeping statements 
can be made about the nature of signals and systems, and their properties can be discussed 
only in the must elementary terms. On the other hand, an important and fundamental notion 
in dealing with signals and systems is that by carefully choosing subclasses of each with 
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particular properties that can then be exploited, we can analyse and characterize these 
signals and systems in great depth. The principal foe 15 in this book is on the particular 
class of linear time -invariant systems. The properties of linearity and time mvanancc that 
define this diss lead to a remarkable set of concepts and techniques which are not only of 
major practical importance but also analytically tractable and intellectually satisfying. 

As we have emphasized in this foreword, signal and system analysis has a long his- 
tory out of which have emerged some basic techniques and fundamental principles which 
have extremely broad areas of application. Indeed, signal and system analysis is constantly 
evolving and developing in response to new problems, techniques, and opportunities, We 
fully expect 'his development to accelerate in pace as improved technology makes possi- 
ble the implementation of increasingly complex systems and signal processing techniques 
[n the future we will see signals and systems tools and concepts applied to an expanding 
scope of applications. For these reasons, we feel that the topic of signal and system analy- 
sis represents a body of knowledge that is of essential concern to the scientist and engineer 
We have chosen the set of copies presented in this book, the organization of the presen- 
tation, and the problems in each chapter in a way that we feel will most help the reader 
to obtain a solid foundation in the fundamentals of signal and system analysis; to gain an 
understanding of some of the very important and basic applications of these fundamentals 
to problems in filtering* sampling, communications, and feedback system analysis; and to 
develop some appreciation for an extremely powerful and broadly applicable approach to 
formulating and solving complex problems. 
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Signals and systems 




1.0 INTRODUCTION 



As described in the Foreword, the intuitive notions of signals and systems arise in a rich Va- 
riety of contexts. Moreover, as we will see in this book T there is an analytical framework — 
that is, a language for describing signals and system* and an extremely powerful set of tools 
for analyzing them — that applies equally well to problems in many fields. In this chapter, 
we begin our development of the analytical framework for signals and systems by intro- 
ducing their mathematical description and representations. In the chapters that follow, we 
build on this foundation in order to develop and describe additional concepts and methods 
that add considerably both to our understanding of signals and systems and to our ability 
to analyse and solve problems involving signals and systems that arise in a broad array of 
applications. 



1 . 1 CONTINUOUS-TIME AND DISCRETE-TIME SIGNALS 

1.1.1 Examples and Mathematical Representation 

Signals may describe a wide variety of physical phenomena. Although signals can be rep- 
resented in many ways, in all cases the information in a signal is contained in a pattern of 
variations of some form. For example, consider the simple circuit in Figure 1 , 1 , In this case, 
the patterns of variation over time in the source and capacitor voltages, v, and v c , are exam- 
ples of signals. Similarly, as depicted in Figure 1,2, the variations over time of the applied 
force/ and the resulting automobile velocity v are signals. As another example, consider 
the human vocal mechanism, which produces speech by creating fluctuations in acous- 
tic pressure. Figure 1,3 is an illustration of a recording of such a speech signal, obtained by 

T 
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Figure 1 . f A simple HC circuFt with source 

voltage i> 5 and capacitor voltage v e . 
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Figure 1 .2 An automobile responding to an 
applied force t from the engine and to a re- 
tarding fricttonal force pv proportional to the 
automobile's velocity v. 
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Figure 1.3 Example ct a record- 
ing of speech. [Adapted tram Ao- 
plications of Digital Signal Process- 
ing, am. Gppenheim, ed, (Englewood 
Clifte, NJ.: Prentice -Hall, Inc., 1973), 
p. 121] The signal represents acous- 
tic pressure variations as a function 
of trme for the spoken words "should 
we chase.* The top line of the figure 
corresponds to the word ^should," 
the second fine to the word ^we," 
and the last two lines to the word 
"chase." (Wfl have indicated the ap- 
proximate beginnings and endings 
of each successive sound in each 
word.} 



using a microphone to sense variations in acoustic pressure, which are then converted into 
an electrical signal. As can be seen in the figure, different sounds correspond to different 
patterns in the variations of acoustic pressure, and the human vocal system produces intel- 
ligible speech by generating particular sequences of these patterns. Alternatively, for the 
TTianochromatic picture, shown in Figure 1.4, it is the pattern of variations m brightness 
across the image that is important. 
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Figure 1.4 

picture. 



A monochromatic 



Signals are' represented mathematically as functions of one or more independent 
variables. For example, a speech signal can be represented mathematically by acoustic 
pressure as a function of time, and a picture can be represented by brightness* as a func- 
tion of two spatial variables. In this book, we focus our attention on signals involving a 
single independent variable. For convenience, we will generally refer to the independent 
variable as time, although it may not in fact represent time in specific applications. For 
example, in geophysics, signals representing variations with depth of physical quantities 
sucti as density, porosity, and electrical resistivity are used to study the structure of the 
earth. Also, knowledge of the variations of air pressure, temperature, and wind speed with 
altitude are extremely important in meteorological investigations. Figure L5 depicts a tyr> 
ica! example of annual average vertical wind profile as a function of height. The measured 
variations of wind speed with height are used in examining weather patterns, as well as 
wind conditions that may affect an aircraft during final approach and landing. 

Throughout this book we will be considering two basic types of signals: continuous- 
time signals and discrete-time signals. In the case of continuous-time signals the inde- 
pendent variable is continuous, and thus these signals are defined for a continuum of values 
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Figure 1 .5 Typical annual vertical 
wind profile. (Adapted from Crawford 
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Fkjure K6 An example of a discr-ete-tirae signal - The weekJy Dow-Jones 

stock market fndex from January 5, 1929, to January 4 r 1930. 

of the independent variable. On the other hand discrete-time signals ire defined inly at 
discrete times, and consequently, for these signals, the independent variable takes on only 
a discrete set of values. A speech signal as a function of time and atmospheric pressure 
as a function of altitude axe examples of continuous-time signals. The weekly Dow-Jones 
stock market index, as illustrated in Figure J ,6, is an example of a discrete-time signal. 
Other examples of discrete-time signals can be found in demographic studies in which 
various attributes, such as average budget, crime rate, or pounds of fish caught, are tab- 
ulated against such discrete variables as family size, total population* or type of fishing 
vessel, respectively. 

To distinguish between continue us- time and discrete-time signals, we will use the 
symbol 1 to denote the continuous-time independent variable and n to denote the discrete- 
time independent variable. In addition, for continuous- time signals we will enclose the 
independent variable in paremheses ( ■ ), whereas for discrete-time signals we w;ll use 
brackets, [ ■ ] to enclose the independent variable. We will also have frequent occasions 
when it will be useful to represent signals graphically. Illustrations of a continuous-time 
signal x[t) and a discrete-time signal _r[n] are shown in Figure 1 ,7. It is important to note 
that the discrete-time signal x[n) is defined only for integer values of the independent 
variable. Our choice of graphical representation for x[n] emphasizes this fact, and for 
further emphasis we will on occasion refer to x[rt] as a discrete-time sequence, 

A discrete-tirne signal x[n\ may represent a phenomenon for which the independent 
variable is inherently discrete. Signals such aft demographic data are examples of this. On 
the Dther hand, a very important class of discrete- time signals arises from the sampling of 
continuous-time signals. In this case, the discrete-lime signal x[n] represents successive 
samples of an underlying phenomenon for which the independent variable is continuous. 
Because of their spoed, computational power, and flexibility, modem digital processors are 
used to implement many practical systems, ranging front digital autopilots to digital audio 
systems. Such systems require the use of discrete-time sequences representing sampled 
versions of continuous-time signals— e.g. T aircraft position, velocity, and heading for an 
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Figure 1,7 Graphical representations of (a) continuous-time and (b) discrete- 
time signals. 

autopilot or speech and music for an audio system. Also, pictures in newspapers — or in this 
book, for that matter — actually consist of a very fine grid of points, and each of these points 
represents a sample of the brightness of the corresponding point in the original image. No 
matter what the source of the data, however, the signal x[n] is defined only for integer 
values of n. It makes no more sense to refer to the 3~th sample of & digital speech signal 
than it does to refer to the average budget for a family with 2^ family members. 

Throughout most of this book we will treat discrete- time Signals and continuous-time 
signals separately but in parallel, so that we can draw on insights developed in one setting 
to aid our understandi ug of another. In Chapter 7 we will return to the question of sampl ing b 
and in that context we will bring continuous -time and discrete-time concepts together in 
order to examine the relationship between a continuous-time signal and a discrete-time 
signal obtained from it by sampling, 

1.1.2 Signal Energy and Power 

Frotn the range of examples provided so far, we see that signals may represent a broad 
variety of phenomena. In many, but not all, applications, the signals we consider are di- 
rectly related to physical quantities capturing power and energy in a physical system. For 
example, if v(/) and i(0 are, respectively* the voltage and current across a resistor with 
resistance R, then the instantaneous power is 



ft 



(1.1) 
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Th& total energy expended over the time interval t\ ^ r ^ r 2 is 



*/>(')<*- j IJ ^v a (r)<fr (12) 



and the average pftwer over this time interval is 

If' 2 .,. 1 



1 f ■ 1 -, 
p (t)dt = v^(t)dt. (1.3) 



'2 - f Jf, ^ - 'l 



j/L R 



Similarly, for the automobile depicted in Figure 1 2, the instantaneous power dissipated 
through friction is p(t) = W^f), and we can then define the total energy and average 
power over a time interval in the same way as in eqs. ( 1.2) and (1 .3). 

With simple physical examples such as these as motivation, it is a common and 
worthwhile convention to use similar terminology for power and energy for any comhmous- 
hme signal *{t) or any discrete-time signal x[n). Moreover, as we will see shortly, we wi[J 
frequently find it convenient to consider signals that take on complex values In this case, 
the total energy over the time interval t] ^ r ^ ti in a continuous-time signal x(r) is 
defined as 



*\*{t)\ 2 dt, (M) 



where \x[ denotes the magnitude of the (possibly complex) number x. The time- averaged 
power is obtained by dividing eq, {1A) by the length, t 2 — t ti of the time interval. Simi- 
larly, the total energy in a discrete-time signal x\ti] over the time interval n, ^ n ^ n 2 is 
defined as 



2 W«lf ■ n.si 

anddivadingby the number of points in the interval, n- — rt\ + 1 , yields the average power 
over the interval. It is important to remember that the terms "power" and "energy* 1 are used 
here independently of whether the quantities in eqs. (1 .4) and ( 1 .5) actually are related to 
physical energy. 1 Nevertheless, we will find it convenient to use these terms in a general 
fashion. 

Furthermore, in many systems we vvill be interested in examining power and energy 
in signals over an infinite time interval, i.e., for -» < t < -f « or for -» < n < +* In 
these cases, we define the total energy as limits of eqs. (1.4) and (L 5) as the time interval 
increases without baund- That is, in. continuous time, 

E* - lim \rti>i 2 dr= \x(r)\ 2 dt, (1.6) 



and in discrete time. 






£. £ lim y |*[«]| 2 = V \x[n]\ 2 . (\J) 

n = -fit n=-^ 

1 Even if such a relationship does eiist, eqs. ( 1 A) and (1.5) may ha ve the wrung chmmsioDs and scaling* 
Fur example, comparing eqs. (1.2) and (1,4), wc see that If jtff) represents the voltage acn>i.s a resistor, then 
cq. i 1 4) must be divided by ttie resistance (measured, for example, in ohms) to obtdJD unils of physical energy. 
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Note that for some signals the integral in eq. (1 .6) or sum in eq, < 1,7) might not converge — 
e.g., if x(t) or jt[«] equals a nonzero constant value for ail time. Such signals have infinite 
energy, while signals with £ w < » have finite energy. 

In an analogous fashion, we can define the time-averaged power over an infinite 
interval as 

and 



n--N 



in continuous time and discrete time, respectively. With these definitions, we can identify 
three important classes of signals. The first of these is the class of signals with finite total 
energy, i.e. T those signals for which £k < «. Such a signal must have zero average power, 
since in the continuous time case, for example, we see from eq. ( J r 8) that 

An example of a finite-energy signal is a signal that takes on the value 1 for ^ r ^ ] 
and otherwise. In this case T E#. = 1 and /*» = 

A second class of signals are those with finite average power P*,. From whal we 
have just seen, if /*« > 0, then T of necessity, £^ = ^. This, of course, mates sense, since 
if there is a nonzero average energy per unit time (i.e., nonzero power), then integrating 
or summing this over an infinite time interval yields an infinite amount of energy. For 
example, the constant signal x[n] = 4 has infinite energy, but average power p x = 16, 
There are also signals for which neither /*„ nor E* are finite. A simple example is the 
signal x{t} = r r We will encounter other examples of signals in each of these classes in 
the remainder of this and the following chapters. 

1 .2 TRANSFORMATIONS OF THE INDEPENDENT VARIABLE 

A central concept in signal and system analysis is that of the transformation of a signal. 
For example, in an aircraft control system, signals corresponding to the actions of the pilot 
are transformed by electrical and mechanical systems into changes in aircraft thrust or 
the positions of aircraft control surfaces such as the rudder or ailerons, which in turn are 
transformed through the dynamics and kinematics of the vehicle into changes in aircraft 
velocity and heading. Also, in a high-fidelity audio system, an input signal representing 
music as recorded on a cassette or compact disc is modified in order to enhance desirable 
characteristics, to remove recording noise, or to balance the several components of the 
signal (e,g,, treble and bass). In this section, we focus on a very limited but important class 
of elementary signal transformations that involve simple modification of the independent 
variable, i.e., the time a*is. As we will see in this and subsequent sections of this chapter, 
these elementary transformations allow us to introduce several basic properties of signals 
and systems. In later chapters, we will find thet they also play an important mle m defining 
and characterizing far richer and important classes of systems. 
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1.2.1 Examples of Transformations of the Independent Variable 

A simple and very important example of transforming the independent variable of a signal 
is a time shift. A time shift in discrete time is illustrated in Figure I .8, m which we have 
two signals x[n] and ;t[« — u ft | that are identical in shape, but that are displaced or shifted 
relative to each other. We will also encounter time shifts in continuous time, as illustrated 
in Figure 1.9, in which x(t — fa) represents a delayed (if / is positive* or advanced (if .'n 
h negative) \ersion of x(t). Signals that are related in this fashion arise in application*, 
such as radar* sonar, and seismic signal processing, in which several receivers at different 
locations observe a signal being transmitted through a medium (water, rock, air, etc.) In 
this case, the difference in propagation tjne from the point of origin of the transmitted 
s:gnal In any two receivers results in a time shift between the signals at the two receivers. 

A second basic transformation of the time axis is that of time reversal. For example, 
a^ illustrated in Figure 1.10 T the signal a[-je] is obtained from the signal x{n\ bv a reflec- 
tion about n -= (i.e. T by reversing the signal). Similarly, as depicted in Figure 1.11, the 
signal x{— /> is obtained from the signal xu) by a reflection about/ = 0, Thus, if x'j) rep- 
resents an audio tape recording, then x{— t) is the same tape recording played backward. 
Another transformation is thac of time scaling. In Figure 1.12 we have illustrated three 
signals. x(f\ x[2t), and x{t/2)* that are related by linear scale changes in the independent 
variable. If we again think of the example of _x(0 as a taps recording, then ,t(2j) is that 
recording played at twice the speed, and x{r/2) is the recording played at half-speed. 

ft is often of interest to determine the effect of transforming the independent variable 
of a given signal x(t) to obtain a signal of the form xfat +- /if), where a and fl are given 
numbers. Such a transformation of the independent variable preserves the shape of xit), 
except that the resulting signal maybe linearly stretched if \a\ < 1, linearly compressed 
if|a| > 1, reversed in time if a < u\ and shifted in time if £ is nonzero. This is illustrated 
in the following set ofexamples, 

x[nl 



i 



L_Miiir 



w 



xlri- nj 



Ii 



•w^ 



Figure t.8 Discrete-time skoals 
related by a time shrtt. In this figure 
no > o, so that x[n - j^j is a delayed 
person of x[rt] (i.e., each point in x[n] 
occurs later in x[n - t^)). 
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Figure T.9 Continuous-time signals related 
by a time shift. In this figure Jg < 0, so that 

\{t b) is an advanced version of x[t) (i.e., 
each point in x{i) occurs at an eaclier time in 
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Figure l.io (a) A discrete-time srgnal *[/*]; Mb) its reflec- 
tion x[ - p] about i) = Q. 
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Figure T.i l ja) A cantinuoiis-time signal x[t); (b) its 
reflection jr(-f) about 1 = 0. 



Figure 1.12 Continuous-time signals 
related by time scaling. 
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Example 1 . 1 

Given the signal x{l) shown in Figure 1.13(a), the signal x(t ■+ I) corresponds to an 
advance i shift to the leiO by one unit along the / axis as illustrated in Figure 1.13(b). 
Specifically, we note that the value of xiti at t - /<) occurs in v(f + Dalf = t,\ - J. For 



x(t> 



— t 



<a) 



1 *<t+1} 




-1 



P) 



! M-t-Hj 




-1 



to 



xijt) 




2/3 4/3 

(d) 



T X<|ti1) 




-2/3 



2'3 



W 



Figure 1,13 (a) The canhnuous-tirra signal *(f) used in Examples 1.1—1 3 

to illustrate transformations of the mdejiender.t variable, (bj the time-stifled 
siflnaf x(t -+■ 1); (c) the signal x{-t + 1) obtained by a time shift and a lime 
reversal; (tJ) the time-scaled signal x(|f); and [s] the signaf *(|f + 1) obtained 
by time-shtfting and scaling. 
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example, the value of j(r) at t = 1 in found in _T(r + 1) al / = L — I — 0. Also, since 
jc(/) is zero for J < 0, we have x(r + 1) zero for t < —L Similarly, since t(/) is iero for 
r > 2. je(r +- 1) is zero tor t > I. 

Let us also consider the signal x{—r +■ ]), which may be obtained by replacing t 
with — t in x{t + i) r That is, x[-l ■+ 1} is the time reversed version of x{t ■+ 1 ). Thus, 
x{ —t + 1) may be obtained graphically by reflecting jp(f +- 1 ) about the r axis as shown 
in Figure 1.13(c). 

Example 1.2 

Given the signal *(/}, ■shown in Figure 1 13(a), the sign*! x(^t} corresponds to a linear 
compression of xfl) by a factor of \ as illustrated in Figure 1.13(d)- Specifically we note 
that the value of x{t) at r = 4 occurs in xi,\t) al r = \h). For example, the vaLe of 
*(/) at r = I ii found in x{\t) at r = ^ (1) - |, Also, iince Jt(r) is zero for t < Q. we 
have xQt) zero for/ < 0. Similarly, since x{t) is zero for; > 2. jc{^/)is zero for r "> *. 

Example T.3 

Suppose that wc wauld like to determine the effect of transforming the independent vari- 
able uf a given signal, x{r} y to obtain a signal of the farm x(at 4- $), where or and j3 are 
given uumheiv A systematic approach to doing this is to first delay or advance MO in 
accordiincc with the value of fi, and then to perform time scaling and/m time reversal on 
the resulting signal in accordance with the value of «, The delayed or advanced Mgnal is 
linearly stretched if \a | < L, linearly compressed if \a\ > 1, and reversed in time if a < 
To illustrate this approach, let us show how *(|r + 1) may be determined for the 
signal j ( r) shown i n Figure 1 . 1 3(a), Since £ = 1 , we first advance (shift to the left) a ( / ) 
by 1 as shown in Figure 1,1 3(b). Since \a] - \, we may linearly compress the shifted 
signal of Figure 1 r 13(b) by a factor of | to obtain the signal shown in Figure 1 . 1 3(c). 

In addition to their use in representing physical phenomena such as the time shift 
in a sonar signal and the speeding up or reversal of an audiotape, transformation $ of the 
independent variable are extremely useful in signal and sys-tem analysis. In Section 1 6 
and in Chapter 2. we will use transformations of the independent variable to introduce and 
analyze the properties of systems. These transformations are also important in defining 
and examining some important properties of signals. 

7 .2.2 Periodic Signals 

An important class of signals that we will encounter frequently throughout this book is 
the class of periodic signal. A periodic continuous-rime signal x{t) has the property that 
there is a positive value of T for which 

x(r) = At + T) ail) 

for all values of r. In other words, a periodic signal has the property that it is unchanged by a 
time shift of T. In this case, we say that x(t) is periodic with period T Periodic continuous- 
time signals, arise in a variety of contexts. For example, as illustrated in Problem 2.61, 
the natural response of systems in which energy is conserved, such as ideal LC circuits 
without resistive energy dissipation and ideal mechanical systems without frictional losses, 
are periodic and, in fact, are composed of some nf the basic periodic signals that wc will 
introduce in Section 1.3. 
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Figure 1.T4 

periodic signal 



Acontinuoirs-time 



An example of a periodic continuous-time signal is given in Figure 1 14, From the 
figure flrfroineq. (LI 1), we can readily deduce that if x{t) is periodic with period T, then 
x\i) — x(t + mT) for ail r and for any integer m. Thus, jc(/) is also penodic with period 
27\ 37\ 4T\ — TheyMwfam^nj'fl^pcr?^ To of x(t) is the smallest positive value (if 7* for 
which eq. (1J1) holds. This definition of the fundamental period works, except if xtf) is 
a constant. In this case the fundamental period is undefined, since x(t ) is periodic for o/ry 
choice of 7" (so there is no smallest positive value). A signal x(t) that is not periods will 
be referred to as an aperiodic signal. 

Periodic signals are defined analogously in discrete time. Specifically, a discrete- 
time signal x{n] is periodic with period N, where N is a positive integer, if it is unchanged 
by a time shift of N> i.e., if 



j[hJ ^ x[n + AT] 



(1-12) 



for all values of n. If eq. (1 . 12) holds, then x[n] is also periodic with period 2.V, 3A' T .... 
The fundamental period No is the smallest positive value of /V for which eq, (1.12) holds. 
An example of a discrete-time periodic signal with fundamental period /V = 3 is shown 
in Figure 1.15. 



Ill 



x[n] 




rrm 



_ Figure J * 1 5 A rJiscrete-tjme pe- 

n 'iodic signal wrtfi fundamental period 



Example T.4 



Let us illustrate The type of problem solving mat may be required in determining whether 
or not a given signal is periodic. The signal whose periodicity we wish to check is given 
by 



J(0 = 



cos(r) 
sinOO 



ifr <U 

ifr ^ 



(J 13) 



From trigonometry, we know that nvsit 4- 2ir) = cos(f) and sin(f + 2 it) -= sin(f>. "Thus, 
considering / > and / < separately, we see that *{t) does repeat jtself over every 
internal of fcngth 2ir. However, as illustrated in Figure 1 16, x{t) also has a discontinuity 
al the time origin that do*s not recur al any other time. Since every feature in the shape of 
a periodic signal musr recur periodical y T we conclude that the signat x{i) is not periodic. 
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Figure 1 16 Tha signal x[t) considered in Example 1.4, 

1 .2.3 Even and Odd Signals 

Another set of useful properties of signals relates to their symmetry under time reversal. 
A signal x{t) or x[n] is referred to as an even signal if it is identical to its time- re versed 
counterpart, i.e., with its reflection about the origin. In continuous lime a signal is even if 



x{-t) = x{l\ 



(1.14) 



while a discrete-time signal is even if 

x[-n] = x[n\. (1 15) 

A signal is referred lo as odd if 

*(-£) = -xUl (1-16) 

x[-n] - -j[h]. (1.17) 

An odd signal must necessarily be Oat t = Oorrt = T since eqs, {] ,16) and (1 17) require 
thaL*(0) ■= -.v(0)and jf[0] = -jc[0]. Examples of even and odd continuous-time signals 
are shown in Figure 1.17. 

xft> 






(a) 



*(t) 





(b) 



Figure f . 1 7 (a) An even con- 
tinuous-time signal; (b) an odd 
continuous time signal. 
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n Figure 1.1a frompte of the wen- 
odd decomposition of a discrete-time 
signal. 



An important fact Is that any signal can be broken into a sum of two signals, one of 
which is even and one of which is odd. To see this, consider the signal 



£t '(-*(0] = ^[x(t)+x(~t)] 



(LIS) 



which is referred to as the even pan of x{t). Similarly, the (tddpar? of x{t) is given by 



Od{x(t)} - i[*tf) -*(-/)]. 



1,19) 



It ii a simple exercise to check lhat the even pan is in fact even, that the odd part m odd, 
and that x{t) is the sum of the two. Exacdy analogous definitions hold in the discrete- 
time case. An example of the even -odd decomposition of a discrete-time signal is given 
in Figure 1.18. 



1.3 EXPONENTIAL AND SINUSOIDAL SIGNALS 

In this section and the nexU we introduce several basic continuous-time and discrete-time 
signals. Not only do these signals occur frequently, but they also serve as basic building 
blocks from which we can construct many other signals. 



Sac. 1 3 Exponential and Sinusoidal Signals 



15 



1.3.1 Continuous-Time Complex Exponential 
and Sinusoidal 5 ignaJs 

The continuous- time complex exponential signal is of the form 

x(t) = CV, 



(1-20) 



where C and a are h in general, complex numbers. Depending upon the values of ihe&e 
parameters, the complex exponential can exhibit several different characteristics. 

Real Exponential Signals 

As illustrated in Figure 1.19, if C and a are real [in which oase x(t) is called a real 
exponential}* there are basically two types of behavior. If a is positive, then as t in- 
creases jt(r) is a growing exponential, a fotm that is used in describing many different 
physical processes, including chain reactions in atomic explosions and complex chemical 
reactions. If a is negative, then x{t) is a decaying exponential, a signal thai is also used 
to describe a wide variety of phenomena* including the process of radioactive decay and 
the responses of RC circuits and damped mechanical systems. In particular, as shown 
in Problems 2,61 and 2,62, the natural responses of the circuit in Figure LI and the 
automobile in Figure 1.2 are decaying expenentials. Also, we note that for c = 0, x{t) 
is constant. 




(b) 



Figure 1.19 Continuous-time real 
exponential x(t) = Gs*': (di) 3 > 0; 
(b) a < 0. 
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Periodic Complex Exponential and Sinusoidal Signals 

A second important class of complex exponentials is obtained by constraining a to be 
purely imaginary. Specifically, consider 



x{l) = e J ^'. 



H.21) 



An important property of this signal is that it is periodic To verify this, we recall from 
eq. ( 1 . 1 1) that x{t) will be periodic with period T if 



Or, sijicc 

it follows that for periodicity, we must have 



(1.22) 



<K23) 



If oi n = 0, then x(t) = l t which is periodic for any value of T. If tun ^ G, then the fun - 
damental period Tq of x(t) — tha* is, the smallest positive value of T for which eq. (1,23) 
holds — is 



o - 



2n 



tip 



(l. 24) 



Thus, the signals e' mt)t and e J'*° J have the same fundamental period. 

A signal closely related to the periodic complex exponential is the sinusoidal signai 



x{i) = Acos(tti t jt + 4>). 



0,25) 



as illustrated in Figure L20. With seconds as the units off, the units of <£ and&jfl are radians 
and radians per second, respectively. It is alsn common to write a* = 2nfo 7 where _fi has 
the units of cycles per second, os hertz <Hz). Like the complex exponential signal, the si- 
nusoidal signal is penodic with fundamental period To given by eq, (1. 24). Sinusoidal and 



*(t} = A. cos [u^t + $) 




Figure 1.20 Continuous -tune sinu- 
soidal signal. 
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complex exponential signals are also used to describe the characteristics of many physical 
processes — in particular, physical systems in which energy is conserved. For example, as 
shown in Problem 2.61, the natural response of an LC circuit is sinusoidal, as is the simple 
harmonic motion of a mechanical system consisting of a mass connected by a spring to a 
stationary support. The acoustic pressure variations corresponding to a single musical tone 
are also sinusoidal. 

By using Euler's relation, 2 the complex exponential meq r (1.21) can. be written in 
terms of sinusoidal signals with the same fundamental period: 

e wi ^ cosuq; + jain^Qf. (j r 26) 

Similarly, the £inusoidul signal of eq, 0-25) can be written in terms of periodic complex 
exponentials, again with the same fundamental period: 

Acosfw,,* + £) = -e^e^* + -?-■>* e J (rJ <". (1.27) 

Note that the two exponentials in eq. (1.271 have complex amplitudes. Alternatively, we 
can express a sinusoid in terms of a complex exponential signal as 

Acos(woi + 0) = AtfUKe'^ 4 *'}, (1.28) 

where, if c is a complex number, (R^{c} denotes its real part. We will also use the notation 
3m\c) for the imaginary pari of <\ .so that, for example, 

Asm(ty O f + 40 - Admie^*'^}. <L29) 

From. eq, (1-24), we see that the fundamental period T of a continuous -time sinu- 
soidal signal or a periodic complex exponential is inversely proportional to |w |. which 
we will refer to as the fundamental frequency. From Figure 1,2 1, we see graphically what 
this means. If we decrease the magnitude of cuo> we slow down the rate of oscillation and 
therefore increase the period. Exactly the opposite effects occur if we increase the mag- 
nitude of wn. Consider now the caseo^ = 0. In this case, as we mentioned earlier, jc(/) 
is constant and therefore is periodic with period T for any positive value of 7. Thus, the 
fundamental period of a constant signal is undefined. On the other hand! there is no am- 
biguity in defining the fundamental frequency of a constant signal to be zero. That is, a 
constant signal has a zero rate of oscillation. 

Periodic signals — and in particular, the complex periodic exponential signal in 
cq. (1 .21) and the sinusoidal signal in eq. (1 25) — provide important examples of signals 
with infinite total energy but finite average power. For example, consider the periodic ex- 
ponential signal of eq. (1 .2 1 \ and suppose that we calculate the total energy and average 
power in this signal aver one period: 

1 dt = 7 0> 

it 

^Enlcr^ relation ±nd other bash vitas fcl-acetl to the manipulation o/cofi&pJea nurttbcrcarrdeKpo.icntiaFi 
tut: considered in the mathematical review section of the prr>bleini> at ihc end of the chapter. 
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Kttf) =~ COSWtt 




Figure 1.21 Re lations h i p between 
the fundamental frequency and period 
for continuous-time sinusoidal signals; 
here, &* > c** > c**, which implies 
that 7j < T 2 < T a , 



p^ 



tud fj, "pencil *■• 



(13J) 



Since there are an infinite number of periods as t ranges from - =* to + », the total energy 
integrated over all time is infinite. However, each period of the signal looks exactly the 
same. Since the average power of the signal equals 1 over each period, averaging over 
multiple periods always yields an average power of 1 r That is, the complex periodic ex- 
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ponential signal has finite average power equal to 

p c = bin -L [ \ e w\ 2 dt = L (L32) 

Problem 1.3 provides additional examples of energy and power calculations for periodic 
and aperiodic signals 

Periodic complex exponentials will play a central role in much of our treatment of 
signals and systems, in part because they serve as extremely useful building blocks for 
many other signals. We will often find it useful to consider sets of harmonically related 
complex exponentials — that is* sets of periodic exponentials, all of which are periodic with 
a common period 7g, Specifically, a necessary condition for a complex expenentia! e J ™' to 
be periodic with period Ty is that 

which implies thai gjTq is a multiple of 2n" T i,e., 

w7 n - lirk, k = 0,±l,±2 (1.34) 

Thus, if we define 

«>v = ^. (L35) 

we .see Lhat, to satisfy eq. ( 1.34), to must be an integer multiple of a»o. That is, a harmoni- 
cally related set of complex exponentials is a set of periodic exponentials with fundamental 
frequencies that arc all multiples of a single positive frequency (o Q : 

4> k (t) - *' w , k = 0,±i, ±2 fl.36) 

For ft = T *£*(/) is a constant, while for any other value of k, 4* kit) is periodic with fun- 
damental frequency {k\dt^ and fundamental period 

■ 3 

The kth harmonic <£*(/) is still periodic with period To as well, as it goes through exactly 
\k\ of its fundamental periods during any time interval of length T , 

Our use of the term **harmomc" ss consistent with its use in music, where it refers 
to tones resulting from variations in acoustic pressure at frequencies that are integer mul- 
tiples of a fundamental frequency. For example, the pattern of vibrations of a string on an 
instrument such as a violin can be described as a superposition— Le., a weighted sum — of 
harmonically related periodic exponentials. In Chapter 3, we will see thai we can huild a 
very rich class of periodic signals using the harmonically related signals of eq. (1.36) as 
the building blocks 

Example 1.5 

tt is fcometimes desirable to express the sum of two complex exponentials as the product 
of a single complex exponential and a single \inusoid. For example , suppose we wish to 
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plot the magnitude of the signal 



j(0 = e' 21 + e 



jto 



(1.3&) 



To do this, we first factor out a complex expunentiaE from (he right side of eq. f 1.3S), 
where the frequency of this exponential factor is taken as the average of the frequencies 
of 'he tvfet exponentials in the sum. Doing this, we obtain 



^0 = e ja* ( *-ji.s 



+ e 



■r> 5r 



), 



0-39) 



which, because of Euler*$ relation, can be rewritten as 

*(0 = 2f' 2V cos(0^y (L40) 

Fntiu ihii., ive can directly obtain an expression for the magnitude of x(_i): 

\x(t)\ = 2|cos(0.5r>[ (1.4!) 

Here, we have used tire fact that the magnitude of the cemplex exponential e '- "' is always 
unity. Thus, (j;(r)l is what is commonly referred to as a full-wave rectified sinusoid, as 
shown, in Figure L22. 




£t 4tt 6ti arr t 

Figure 1,22 The full wave rectified sinusoid of Example 1.5- 

General Complex Exponential 5/ffJWfe 

The most general case of a complex exponential can be expressed and interpreted in terms 
of the two cases we have examined so far: [he real exponential and the periodic complex 
exponential. Specifically, consider a complex exponential tV, where Cia expressed in 
polar form and a in rectangular form. That is. 



and 



Then 



€ = |C|r rf 



tf == r + jtoQ, 



Ce* 1 — ^c\e }9 e irim ^ a)t — |C|ff rf f" ,( ™ n '' l ' 0J 
Using Eider's relation, we can expand this further as 

Ce^ - \C\e Tt cos(*V + #) + 7tCk Fl sin(dtyf + 6*). 



142) 



(/43) 
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Thus, for r = 0. thereat and imaginary parts of a -complex exponential are sinusoidal. For 
r > they correspond to sinusoidal signals multiplied b> a growing exponential, and for 
r < they correspond to sinusoidal signals multiplied by a decaying exponential. These 
two cases are shown in Figure J. 23. The dashed lines in the figure correspond to the func- 
tions ±|C|e r '. From eq. (1.42), we see that \C\e rt is the magnitude of the complex expo- 
nential. Thus, the dashed curves act as an envelope for the oscillatory curve in the figure 
in that the peaks of the oscillations just reach these curves, and in this way the envelope 
provides us with a convenient way to visualize the general trend in the amplitude of the 
oscillations. 




Figure 1 .23 (a) Growing sinusoidal 
signal #(f) = Ce^ cos {wot + 3), 
r > 0; (bj decaying sinusoid xtf) = 



Sinusoidal signals multiplied by decaying exponentials axe commonly referred to as 
dumped sinusoids. Examples of damped sinusoids arise in the response of RLC circuits 
and in mechanical systems containing both damping and restoring forces* such as automo- 
tive suspension systems. These Idnds of systems have mechanisms that dissipate energy 
(resistors, damping forces such as friction) with oscillations that tfe^ay in time. Examples 
illustrating such systems and their damped sinusoidal natural responses can he found in 
Problems 2.61 and 2.62. 



1 .3.2 Discrete-Time Complex Exponential and Sinusoidal Signals 

As in. continuous time, an important signal in discrete time ia the complex exponential 
signal or sequence,, defined by 



x\n] - Ca", 



(1.44) 



22 Signals and Systems Chap 1 

where C and a are, in general, complex numbers. This could alternatively be expressed 
in the form 

x[n\ * CeP". (1,45) 

where 

a = e^ 

Although the form of the discrete-time complex exponential sequence given in eq. (1.45) ts 
more analogous to the form of the continuous-time exponential, it is often mure convenient 
to express the discrete-time complex exponential sequence in the form of eq (1 .4^-). 

Real Exponential Signals 

If C and a are rea!, we can have one of several types of behavior, as illustrated in Fig- 
ure 1 24. If (a J > 1 the magnitude ofthe signal grows exponentially withrt, while if |a| < 1 
we have a decaying exponential. Furthermore, if cc is positive, all the values of Ca" are of 
the same sign, but if or is negative then the sign of x[n] alternates. Note also that if a ^ \ 
then x\n] is aconstant. whereas if a = - I, x\n] alternates in value between -C and -C 
Real-valued discrete-time exponentials are often used to describe population groivth as 
a function of generation and tota] return on investment as a function of day. month, vt 
quarter. 

Sinusoidal Signals 

Another important complex exponential is obtained b\ using the form given in cq. (1,45) 
and by constraining £ to be purely imaginary (so that \cc\ =■ 1). Specifically, consider 

x[n] = ew*. a -46) 

As in the continuous-time case, this signal is closely related to the sinusoidal signal 

x\n\ = Acosiw^fi + <jr\ (1.47) 

If we take rt to be dirnensionless, then both &# and ^ have units of radians Three examples 
of sinusoidal sequences are shown in Figure 1 .25. 

As before, Euler's relation allows us to relate complex exponentials and sinusoids: 

e j*>v* = cos^rH- ; sin a)f>* (1.48) 

and 

The signals in eqs. (1.46) and <1.47) are examples of discrete-time signals with infinite 
total energy but finite average power. For example, since ]*> J"**™] 2 = 1, every sample of 
the signal in eq. ( 1 .46) contribute* 1 to the signal's energy. Thus, the total energy for 
— W < rt < ao is infinite, while the average power per time point is obviously equal to J . 
Other examples of energy and power calculations for discrete-rime signals are given in 
Problem 1.3, 
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Figure 1 .24 The real exponential 
signal x[n] *= Ga*: 
(i)« >1;(b)0<o * 1; 
(c) -1 <«<0; (d)a<- -1 
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x[n] - cos{2Trn/12 ) 



1 1 

"1 


' 1 


1 1 1 

.! 1 




'1 1 

1 1 





(a) 



I 



x[n] - CDS(8irn/3i; 



* * 



(b) 



x{n] - cos (ft/ej 
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Jl 
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Figure 1.25 Discrete-time sinusoidal signals. 



General Complex Exponential Signals 

The general discrete-time complex exponential can be written and interpreted in terms of 
real exponentials and sinu%uidal signals. Specifically, if we write C and or in polar form. 
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viz,. 



and 



then 



C = \C\e^ 



a ** \a\e 



V^U 



Ca" = lC\[a\" cosfonn + 0) + j"|CH" sin^on + #) 



0-50) 



Thus;, for \a\ = 1, the real and imaginary parts of a complex exponential sequence are 
sinusoidal For |a| < I they correspond to sinusoidal sequences multiplied by a decaying 
exponential, while for \a\ > 1 they correspond to sinusoidal sequences multiplied by a 
growing experiential r Examples cf the.se signals are depicted in Figure 1 .26. 
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Figure 1.26 (a) Growing discrete-time sinusoidal signals; (b) decaying 
discrete- time sinusoid. 



1 .3.3 Periodicity Properties of Discrete-Time Complex Exponentials 

While there are many similarities between continuous-time and discrete -time signals, 
there are also a number of important differences. One of these concerns the discrete-tiroe 
exponential signal e JM<,n . In Section 1.3.1, we identified the following two properties of its 
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continuous- time counterpart e ja,<ft : (I ) the larger the magnitude of <t>o, the higher is the rate 
of oscillation in the signal; and (2) e ;EAjf is periodic for any value of w . In this section we 
describe the discrete-time versions of both of these properties, and as we will see, there 
are definite differences between each of these and its continuous-time counterpart. 

The fact that the first of these properties is different in discrete time i& a direct conse- 
quence of another extremely important distinction between discrete-time and continuous- 
time complex expenentials. Specifically* consider the discrete-time complex exponential 
with frequency <an + 2tt: 

From eq, (1,51), we see that the exponential at frequency Gin + 2-jt is the same as that 
at frequency &j . Thus, we have a very different situation from the continuous-time case, 
in which the signals €****' are al] distinct for distinct values of m G . En discrete time, these 
signals are not distinct, as the signal with Frequency *j is identical to the signals with 
frequencies w u it 2?r t **>o +: 4^, and so on. Therefore, in considering discrete-time com- 
plex exponentials, we need only consider a frequency interval of length 2tt in which to 
choose (dq. Although, according to eq. (1.51), any interval of length 2w will do T on most 
occasions we will use the interval zZ <o n < 2ir or the interval — it ^ o>o < if. 

Because of the periodicity implied by eq, (1,51), the signal e^*" does not have a 
continually increasing rate of oscillation as cu t > is increased in magnitude. Rather, as il- 
lustrated in Figure 1.27, as we increase w from 0, we obtain signals that oscillate more 
and more rapidly until we reach tuo = tt. As we continue to increase oiq, we decrease the 
rate of oscillation until we Teach k>t> = 2ir, which produces the same constant sequence as 
<i>n = 0. Therefore, the low-frequency (that is, slowly varying) discrete-time exponentials 
have values of <t>o near T 2tr, and any other even multiple of it, while the high frequen- 
cies (corresponding tn rapid variations) are located near w = — ir and other odd multiples 
of it. Note in particular that for oj ^ tt or any other odd multiple of ?]\ 



r Jirn ^ 



= (e^) = (-!)", (1.52) 

so that this signal oscillates rapidly, changing sign at each point in time [as illustrated m 
Figure 1.27(e)!. 

The second property we wish to consider concerns die periodicitv of tbe discrete- 
time complex, exponential. In order for the signal e JtiJa " to be periodic with period N > 0. 
we must have 

or equivalent! y, 

e ; " ,(l * - 1. 0-54) 

For eq. (1,54) to hold, w^N must be a multiple of 2n\ That is, there must be an integer m 
such that 

<*j§N = 2iFm, (1,55) 

or equivalent! y, 
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According to eq. (L56\ the signal e jtt ° n is periodic if iito/lir is a rational number and is 
not periodic otherwise. These same observations also hold for discrete-time sinusoids. For 
example, the signals depicted in Figure 1.25(a) and (b) are periodic, while the signal in 
Figure 1.25(c) is not 

Using the calculations that we have just made, we can also determine the funda- 
mental period and frequency of discrete-time complex exponentials, where we define the 
fundamental frequency of a discrete- time periodic signal as we did in continuous time. 
That is, if x[n] is periodic with fundamental period N, its fundamental frequency is 2ir/A\ 
Consider, then, a periodic complex exponential x\n] = e*""* n with wo ^ 0. As we have 
just seen, wo must satisfy eq. (1 r 56) for some pair of integers m and ,V, with N > 0. In 
Problem 1.35, it is shown that if at ^ and if jV and m have no factors in common, then 
the fundamental period of x[n\ is N. Using this fact together with ecj. (1 .56), we find that 
the fundamental frequency of the periodic signal e^°" is 

2tt wri 

-Ts = — ■ (1-57) 

Note that the fundamental period can also be written as 

w= "(S) (, - M) 

These last two expressions again differ from their continuous-time counterparts. In 
Table 1J b we have summarized some of the differences between the continuous-time sig- 
nal e jm *' and the discrete-time signai t?-"" ". Note that, as in the continuous-time case, the 
constant discrete-time signal resulting from setting <*}q = has a fundamental frequency 
of zero, and its fundamental period is undefined 

TABLE 1.1 Comparison of the signals e^ and e^ n . 



e j«.r 



Distinct signals fot distinct vaJues of & n Identical signals for values af w 

separated by multiples of 2ir 



Periodic fur any choice of oi,j Periodic only if t» a = 2*rmW for mme in:e£#h AT > End m 



Fundamental frequency Wr> FundamenLil frequency' w u ta 



Fundamental period Fundamental penod* 

at - 0: undefined <u„ *= undefined 



'Assumes, that m and N do not have any factors in common. 



To gain some additional insight into these properties, let us examine again the signals 
depicted in Figure 1.25. First, consider the sequence x[n] = cos(2Trn/12) t depicted in 
Figure 1.25{a) T which we can think of as the set of samples of the continuous- time sinusoid 
MO = cos(2ir//12) at integer time points. In this case, x(t) is periodic with fundamental 
period 12andjr[«] is also periodic with fundamental period 12. That is + the values of x\n\ 
repeat every 12 points, exactly in ^tep with the fundamental period ofM.i)> 
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In contrast, consider che signal \[n] = cos{8tt/31) t depicted in Figure 1.25(b), 
which we can view as the set of samples of Mf) = cos<8w//31) at integer points in time. 
In this case, x(t) is periodic with fundamental period 31/+. On the other hand, x\?t] is pe- 
riodic with fundamental period 31, The reason for this difference is that the discrete-time 
signal is defined only for integer values of the independent variable. Thus, there is no 
sample at time I = 31/4, when x(Ocotnpletesone period (starting fronw = 0). Similarly, 
ihere is no sample at r - 2 31/4 or r ^ 3 * 31/4, when x{r) has completed two or three 
periods, but there is a sample at f = 4-31/4 = 31, when x(0 has completed /our periods. 
This can be seen in Figure 1.25(b), where the pattern of j|h] values does not repeat with 
each single cycle of positive and negative values. Rather, the pattern repeats after four 
such cycles, namely, every 31 points. 

Similarly, the signal x[ri\ = cos(jj/6) can be viewed as the set of samples <jf the 
signal Ml) = cos(//6) at integer lime points In this* case, the values of x(t) at integer 
sample points never repeat, as thcic sample points never ^pan an interval that is an exjet 
multiple of the period, 12tt, of x{r). Thus, x[n] is not periodic, although the eye visually 
interpolates between the sample points, suggesting the envelope x{n, which is periodic. 
The use of the concept of sampling to gain insight into the periodicity of discrete- time 
sinusoidal sequences is explored further in Problem 1 -3G\ 

Example 1 .6 

Suppose that we wi&h to determine the fundamental period of the discrete -time mi'tihI 

The first exponential on the right-hand side of eq. (1.59) has a fundamental penmJ ^ * 
While this can be verified from eq, (1 ,58) h there is a simpler way to obtain that answer 1 n 
particular, note that the angle (2TrB)n of the first term must be incremented hy a multiple 
of 27rfnrthe values of this exponential to begin repeating. We then immediaiely see thai 
if n is incremented by 3, the angle will be incremented by a single multiple n f 2tt. Wuh 
regard (o the second term, we sec that incrementing the single (3ir/4)/i by 2tt would 
require n to be incremented. by B/3* which is impossible, since n is restricted to being <ui 
integer. Similarly, incrementing the angle by &tt would require a nonimeger increment 
of 1673 to n. However, incrementing the angle by 6ir requires an increment of S to n. 
and thus the fundamental period of the second term \± &, 

Ndw h for the entire signal x[n] to repeat, eath of the terms in eq. ( L59] muM gn 
through an integer number nf its o^vn fundamental period The sm&UtM incremtiu of n 
that accomplishes thia is 24. That h, over an interval of 24 point, the first term on the 
nght-hand side of eq, (1 593 will have gone through eight of its fundamental periods, the 
second term through three of its fundamental periods, and (he overall signal r[n] rhrounb 
exactly one of its fundamental periods. 

\s in continuous time, it is also of considerable value in discrete-time signal and 
system analysis to consider sets of harmonically related periodic exponentials — that is, 
periodic exponentials with a common period N r From eq. (1 .56^, we know that these sire 
precisely the signals which are at frequencies which are multiples of 2-rrfN. That is. 

<^[i] = e'" 2 ***'*, k = a, ±1 (].6Hi 
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In the continuous- Lime case, all of the harmonically related complex exponentials ^*'2WJ> 
k — 0. ± 1. ±2, r . ^ are distinct. However, because of eq. (1-51), this is not the case in 
discrete time. Specifically, 

This implies that there are only A r distinct periodic exponentials in the set given in 
eq. {1 .60). For example, 

4>iAn. = l,*rl«l = e lU,l ^\<t> 2 [rt - <? /WA fa -tM - rf^ 2 * 1 *" ""'* (1,62) 

are nil distinct, and any other #J*i] is identical to one of these (e.g,, 4>f>M = <fc[n] and 

1.4 THE UNIT IMPULSE AND UN tT STEP FUNCTIONS 

In this section, we introduce several other basic signals — specifically, the unit impulse and 
siep function^ in continuous and discrete time — that are also of considerable importance in 
signal and system analysis. In Chapter 2, we will see how we can use unit impulse signals 
ai basic building blocks for the construction and representation of other signals. We begin 
with the discrete -time case. 

1 ,4. 1 The Discrete-Time Unit Impulse and Unit Step Sequences 

One of the simplest discrete-time signals is the unit impulse (ot unit sample), which is 
defined as 

and which is shown in Figure J, 28. Throughout the book, we will refer to S [n] interchange- 
ably as the unit impulse or unit sample. 



:i 



*ro 



■ ■«»»» . Figure 1 .28 Discrete-lime unit im- 

u n pulse (sample). 

A second basic discrete-time signal is the discrete-time unit step, denoted by «[/i] 
and defined by 

The umt step sequence is shown in Figure 1 20. 
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Figure f. 2 9 Discrete-ume jriit step 
n sequence- 



Interval of Summation 
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Interval of summation 
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lb) 



m Figure 1.30 Running sun of 
eq (1.66i: (a>rt--- 0, ;b) /r> 



There is a close relationship between the discrete-time unit impulse and unit step. In 
particular, the discrete-time unit impulse is the first difference uf the discrete-time step 

S[n\ = u[n]- it[tt- n (1.651 

Conversely, the discrete-time unit step is the running sum of the unit sample. That is T 



w[rtj = V S[m\. 



11.66) 



Equation (1.66) is illustrated graphically in Figure 130, Since the only n«n/.ero vjJuc of 
the unit sample is at the point at which its argument is zero, we see from the figure that the 
running sum in eq. (1.66) is for n < and 1 for i^O, Furthermore, by changing the 
variable of summation from m to k — n - m in eq, <1 -66), we find that th£ discrete- lime 
unit step can also be written in terms of the unit sample as 



U [n1 - ^S{n-kl 



!> = ->■ 



or equivalent^, 
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5[n-k] 

* 



Interval of summation 
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Interval <jf summation 



£[n-k] 





(t>) 



Figure f .31 Relationship given in 

eq. (1,67): (a} n< 0; (b) n > a. 



Equation (1.67) is illustrated in Figure L31. In this case the nonzero value of d[n - k\ is 
at the value of k equal to n t so that again we see that the summation in eq. (1.67) is for 
n< and 1 for n ^ 0. 

An interpretation of eq. (1.67) is as a superposition of delayed impulses; i.e , we can 
view the equation as the sum of a unit impulse B[n] at n = t a unit impulse &[rt - 1 J at 
« = I , another, S[n — 2], at pi — % etc. We will make explicit use of this interpretation in 
Chapter 2, 

The unit impulse sequence can be used to sample the vaJue of a signal at n = 0. In 
particular, since 8\n] is nonzero (and equal to 1) only for n = 0, it follow.? that 



x[n]S[ri] = x[0]d[n]. 
More generally, if we consider a unit impulse S[rc — rag] at n = iq, then 



0M) 



(1-69) 



This sampling property of the unit impulse will play an important role in Chapters 
and 7. 



1,4.2 The Continuous-Time Unit Step 
and Unit Impulse Functions 

The continuous lime unit step Junction u{t) is defined in a manner similar to its discrete- 
time counterpart. Specifically, 



n(0 = 



0. r<0 

1, / > 



0- 70] 



as is shown in Figure 1,32. Note that the unit step is discontinuous at r =- 0, The 
continuous -Time unit impulse function d(t) is related to the unit step in a manner analogous 
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Figure 1.32 
t step function. 



Contmuous-time unit 



to the relationship between the discrete -time unit impulse and step functions- tn particular, 
the continuous-time unit step is the running integral of the unit impulse 



u(t) = &(r)dt. 



(1.71) 



This also Suggests a relationship between £(/) and u(t) analogous to the expression for 
5[«] in eq. (1.65). In particular, it follows from eq. (1.71) that the continuous-time unit 
impulse can be thought of as the^rjf derivative of the continuous-time unit step: 



6(0 = 



dt 



(1-72) 



In contrast to the discrete-time case, there is some formal difficulty with this equa- 
tion as a representation of the unit impulse function since u{t) is discontinuous at r = 
and consequently is formally not differcntiable. Wc can, however, interpret eq. (1.72) by 
considering an approximation to Che unit step u&(t), as illustrated in Figure 1-33, which 
rises from the value to the value 1 in a short time interval of length A. The unit step, 
of course, changes values instantaneously and thus can be thought of as an idealization of 
u&(t) for A so short that its duration, doesn't matter for any practical purpose. Formally, 
u(t} is the limit of u^(t) as A — > 0. Let us now consider the derivative 



Si<0 = 



du A {t) 
dt ' 



(1-73) 



as sh&wn in Figure 1 .34. 
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Figure 1 .33 Continuous approximation to 
the unit step, u±{t). 
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Figure 1.35 CofltinwoLis- 
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Figure 1,36 
pulse. 
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Note that 5a(/> is a short pulse, of duration & and with unit area for any value of A. 
Ak A -> ft^Siff) becomes narrower and higher, maintaining its unit area. Its limiting form, 






(1.74) 



can. then bethought of as an Idealization, of the short pulse 3±{t) as the duration A becomes 
insignificant. Since 5(0 has, in effect, no duration but unit area, we adopt the graphical 
notation for it shown in Figure J 35. where the arrow at t = indicates that the area of the 
pulse is concentrated at ; = and the height of the arrow and the "1 T1 next to the arrow 
are used to represent the. area of the impulse. More generally, a scaled jmpulsC kStf) will 
have an area k , and thus, 



kS{T)dT = ku(tl 



A scaled impulse with area k is ihown in Figure 1.36, where the height of the arrow used 
to depict the scaled impulse is chosen to be proportional to the area of the impulse. 

A* with discrete time, we can provide a simple graphical interpretation of the running 
integral uf cq. (1 .71), this is shown in Figure 1 31. Since the area of the continuous-time 
unit impulse 6(t) is concentrated at t = 0, we see that the running integral is for T < fj 
and 1 for / > 0. Also, we note that the relationship in eq. { L71 ) between the continuous- 
time unit step and impulse can be rewritten in a different form, analogous to the discrete- 
time form in cq. < I ,fi7), by changing the variable of integration from t to a- =■ t - r: 



uir) = 8{r)dT -= 



r0 



8(t-<r){-d(T\ 



oj equivalent!^ 



i*0) = 



&{t - a}d<r. 



Ll.75) 



The graphical interpretation of this form of the relationship between w(ti and 6\t)ii 
given in Figuic 1.3S. Since in this case the area of S(; - trf is concentrated at the point 
cr ^ t, we again see that the integral in eq. ( 1 .75) is for / < and I for t > 0. This type 
of graphical interpretation of the behavior of the unit impulse under integration will be 
exlrcmelv useful in Chapter 2. 
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Figure 1.37 Running integral given in eq (171): 
(a) t < 0. <b) t > 



(b) 



Figure T.3S Relationship given in eq (175): 
(a) l < 0; (b) l > 0. 



As with the discrete-time impulse, the continuous-time impulse has a very important 
sampling property. In particular, for a number of reasons it will be important to consider 
the product of an impulse and more well-behaved continuous- time functions x{t\ The in- 
terpretation of this quantity is most readily developed uiircg the definition of S(r) according 
to eq. {1 .74), Specifically, consider 

,K,(rt = j(/)5a(0. 

In Figure 1.39(h) we have depicted the two time functions xtt} and £*[/>, and in Fig- 
ure 1.39(b) we see an enlarged view of the nonzeru portion of their product. By construc- 
tion, x t (t) is, zero outside the interval < / t£ A. For A sufficiently smail so that x{:) is 
approximately constant over this interval, 



Since £(;) is the limit as A 



ttf &±{l\ it follows that 



(176) 



By the same argument, we have an analogous expression for an impulse concentrated at 
an arbitrary point, say, ? n . That is. 



x[m(t-to) = Mh)Hr -r ). 
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Figure 1.39 The product x(')3.i(fl. 
(a) graphs of both functions; {hi en- 
larged view of the nonzero portion &f 
their product 



Although our discussion of the unit impulse in this section has been somewhat in- 
formal* "t does provide us with some important intuition about this signal that will be 
useful throughout the book. As we have stated, the unit impulse should be viewed as an 
idealization. As we illustrate and discuss in more detail ir L Section 2.5, any real physi- 
cal system has some inertia associated with it and thus doe* not respond instantaneously 
to inputs. Consequently, if a pul&e of sufficiently short duration i?> applied to such a sys- 
tem, the system response will not be noticeably influenced by the pulse's duration or by 
the details of the shape of the pulse, for that matter. Instead, (he primary characteristic 
of the pulse that will matter h the net, integrated effect of the pulse — i.e., Jts area. For 
s>srems that respond much more quickly than others, the guise will have to be of much 
shorter duration before the details of the pulse shape or ics duration njo longer mailer Nev- 
ertheless, for any physical system, we can always find a pulse that is 'short enough/ 
The unit impulse then is an idealization of this concept — the pulse that is short enough 
far any system. As we will see in Chapter 2, the response of a system to this idealized 
pulse plays a crucial role in signal and system analysis, and in the process of devel- 
oping and understanding this role, vte will develop additional insight into the idealised 
signal/* 



ln TV unit impulse and other related functions (which are cfien collectively referred lo as ungularirv 
functions) have been thoroughly studied in the field of mathematics under the al[crnat]v-e names of general- 
ized furtct'vnji and the theory cf distributions For more detailed discu\sit»n*, -of thl> subject, see Distribution 
Thcorv and Transform Anafysu, by A. H. Zemaman (New YorJf McGraw-Hill Book Company, L965), Gen- 
eralised tunctions. by R.F Hrsldns (New ¥r>rk. Hakicd Pres<; h 1979). or the more advanced text, Fourier 
Analysis and Generuhzed Functions, by M. J Lighthill (New \<nk: Cambridge University fre^ 195S> 
Our discussion of iingiuarity functions in Section 2 5 u closely related in spirit to the ma thematic al theory 
do-cnbed m these texts and thus, provides- an informal mlroduction to concepts that underlie this, npic hi 
matftcmalnji. 
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Example 1 .7 

Consider the discontinuous signal x{t\ depicted in Figure 1,40(3). Because of the rela- 
tionship between the continuous-time unit impulse and unit step, we can readily calculate 
and graph the derivative of ihit signal. Specifically, the derivative of xit) h clearly 0, 
except at the discontinuities, Jn the case of the unit step + we have seen [eq. 1 1 ,72)] that 
differentiation gives rise Lo a unit impulse located at the point of discontinuity. Further- 
more, by multiplying both sides o f eq, (] .72) by any number k, we see that the derivative 
of a unit step with & discunlLrluky of size k gives rise to an. impulse of area k at the point 
of discontinuity. Thii rule also hold* fur any other signal with a jump discontinuity, such 
as x[t) in Figure ], 40(a). Consequently, we can sketch its derivative x[t\ as in Fig- 
ure 1.40(bk where an impulse is placed at each discontinuity of x{t)„ with area equal to 
the sue of the discontinuity. Nirtc, for example, that the discontinuity in x(t) at t = 2 
has a value of 3 h so (hut an impulse sealed by -3 is located at/ - 2 in the signal x(r). 
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Figure T.40 (a) The discontinuous signal x[t) analyzed in Example 1.7, 

(b) its derivative x{t), {c) depiction of the recovery of x[t) as the running inte- 
gral of x{t), illustrated for a value of t between and 1. 
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As a check of our result, we can verify that we tan recover jrfO from i(0- Specif- 
ically, since x(n and jr(r) are both zero for / ^ 0, we need only check thai for / > 0, 



ztt) 



■l 



x{j)dv. 



7?) 



As illustrated in Figure 1.40(c), for/ < 1. the integral on the right-hand side of eq (1 77) 
is zero, since none of the impulses that constitute i(/) are within the interval of integra- 
tion. For 1 < r < 2, the first impulse (located aw = 1) is the only one within the inte- 
gration interval, and thus the integral in eq. (1 .77) equals 2, the area of this impulse. For 
2 < t < 4 h the first two impulses are within the interval of integration, and the integral 
accumulates the sum of both of their areas, namely, 2-3 = - 1. Finally, for r > 4, all 
three impulses are within the integration interval, so that the integral equ&k the sum of 
all three areas — that is, 2-3 + 2= +1. The result is exactly the signal t(/) depicted 
in Figure 1 .4EXa) 



1.5 CONTINUOUS-TIME AND DISCRETE -TIME SYSTEMS 

Physical systems in the broadest sense are an interconnection of components, devices, 
or subsystems. In contexts ranging from signal processing and communications to elec- 
tromechanical motors, automotive vehicle*, and chemical-processing plants, a system can 
be viewed as a process in which input signals are transformed by the system or cause the 
system to respond in some way, resulting in other signals as outputs. For example, a high- 
fidelity system takes a recorded audio signal and generates a reproduction of that signal. 
If the hi-fi system has tone controls, we can change the tonal quality of the reproduced sig- 
nal. Similarly, the circuit in Figure LI can be viewed as a system with input voltage v s (0 
and output voltage v L (t), while the automobile in Figure 1 ,2 can be thought of as a system 
with input equal to the force f(t) and output equal to the velocity v(j) of the vehicle. An 
image-enhancement system transforms an input image into an output image that ha* some 
desired properties, such as improved contrast. 

A continuous-time system is a system in which continuous-time input signals are 
applied and result in continuous-rime output signals. Such a system will be represented 
pictorially as in Figure 1.41(a), where x(t) is the input and y(0 is the output. Alterna- 
tively, we will often represent the input-output relation of a continuous-tune system by the 
notation 



xit) -» ytt). 



(1.78J 
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Fkjurre 1.41 (a) Continuous-time 

system; (b) discrete -time system. 
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Similarly a discrete time system* — that is, a system that transforms discrete-time inputs 
into discrete -time outputs — will be depicted as in Figure 1.41(b) and will sometimes be 
represented symbolically as 

*["] -* y[n]. (1.79) 

In most of this book, we will treat discrete-time systems and continuous -time systems 
separately but in parallel. In Chapter 1, we will bring continuous-time and discrete-time 
systems together through the concept of sampling, and we will develop some insights 
into the use of discrete-time systems to process con tin nous- time signals that have been 
sampled. 



1 , 5. 1 Simple Examples of Systems 

One of the most important motivations for the development of general tools for analyzing 
and designing systems is that systems from many different applications have very similar 
mathematical descriptions. To illustrate this, we begin with a few simple examples. 

Example 1.8 

Consider the RC circuit depicted in Figure 1.1 . if we regard vAO as the input signal and 
v e {t) as the output signal, then we can use simple circuit analysis to denve an equation 
describing the relationship between the input and output. Specifically, from Ohms law, 
the current i(i) through the resistor is proportional (with proportionality constant UR) to 
the voltage drop across the resistor; i.e., 

Vt(t\- vJt) 
t(D = — — h — — . (1.80) 

Similarly, using the defining constitutive relation for a capacitor, we can relate i{t) to the 
rate of change with rime of the voltage across the capacitor 

■U, = C^ cijii) 

Equaling the right-hand sides of eqs. (1.80) and (1.81), we obtain a differential equation 
describing the relationship between the inpui v x (t) and the output v c (r)\ 

dvAO 1 1 

-or + *c vAr) = *c vXt) - "■«> 

Example T .9 

Consider Figure L2 T in which we regard the force /(r) as the input and the velocity K0 
as the output. If we let m denote the mass of the automobile and mpv the resistance due 
to friction, then equating acceleration — i.e., the time derivative of vehtcily — with net 
force divided by mass, we obtain 

~- = ^[/f0-pv(r)|, fj.83> 
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i.e., 

at tt\ rtt 

Examining and comparing eqs, (1.82) and 0-84} in the above examples, we see that 
trie input-output relationships captured in these two equations for these two very different 
physical systems are basically the same. In particular, they are both examples of first-order 
linear differential equations of the form 

dyic) 

-^ +oj(f)- MO, 85) 

where x(t) is the input, y{r) i-S the output, and a and b are constants. Thi.\ is one very simple 
example of the fact that, by developing methods for analyzing general classes of systems 
such as that represented by eq, (1.S5), we will be able to use them in a wide variety of 
applications. 

Example 1 ,1 o 

Asa simple example of a discrete-time system, consider a simple model tor the balance 
in a bank account from month to month- Specifically, let y\t\\ denote the balance at the 
end of the nth month, and suppose that y\n] evtWe* from month to month according to 
the equation 

y[nl = 1.01v[n- 11 + x[n] t (KM) 

or equivalenLty, 

y[n]- 1.01 y[n- }] = *{«], <l-«7) 

where _*[n] represents the net deposit (Le , deposits minus withdrawals) during the nth 
month and the term l.CIv[/i- 1J models the fact that we accftreTSi interest each month. 

Example 1.11 

As a second example, consider a simple digital simulation of the differential equation in 
eq (lr84) in which we resolve lime into discrete intervals of length A and approximate 
dv{t)fdt air = nA by the first backward difference, i.e., 

v{nA) - v{(n - 1)A) 
"A 

In this case, if we let v[ni = t-(nA)and/[ji] = fin A J T we obtain the following discrete- 
time model relating the sampled signals f[n] and v[n]: 

Comparing eqs. (1 .87) and (1 .88), we see (hat they are both examples of ih? same 
general first-order linear difference equation, namely, 

>l/ij + ay[n- 1] = bx[n\. (1.89' 
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As the preceding examples suggest, the mathematical descriptions of systems from 
a wide variety of applications frequently have a great deal in common, and it is this fact 
that provides considerable motivation for the development of broadly applicable tools for 
signal and system analysis The key to doing this successfully is identifying classes of 
systems that have two important characteristics: (1) The systems in this class have prop- 
erties and structures that we can exploit to gain insight into their behavior and to develop 
effective tools for their analysis; and (2) many systems of practical importance can be 
accurately modeled using systems in this class. It is on the first of these characteristics 
that most of this book focuses, as we develi-p tools for a particular class of systems re- 
famed to as linear, time-invariant systems. In the next section, we will introduce the prop- 
erties that characterize this class, as well as a number of other very important basic system 
properties. 

The second characteristic mentioned in the preceding paragraph is of obvious impor- 
tance for any system analysis technique to be of value in practice. It is a well-established 
fact that a wide range of physical systems (including those in Examples 1.8-1.10) can 
be well modeled within the class of systems on which we focus in this book However, 
a critical point is that any model used in describing or analysing a physical system rep- 
resents an idealization of that system, and thus, any resulting analysis is only as good 
as the model itself For example, the simple linear model of a resistor in eq. (1.80) 
and that of a capacitor in eq. (1.81) are idealizations. However, these idealizations are 
quite accurate for real resistors and capacitors in many applications, and thus, analy- 
ses employing such idealizations provide useful results and conclusions, as long as the 
voltages and currents remain within the operating conditions under which these simple 
linear models are valid. Similarly, the use of a linear retarding force to represent fac- 
tional effects in eq. (1.33) is an approximation with a range of validity. Consequently, 
although we will not address this issue in the book, it is important to remember that 
an essential component of engineering practice in using the methods we develop here 
consists of identifying the range of validity of the assumptions that have gone into a 
model and ensuring that any analysis or design based on that model does nt>t violate those 
assumptions. 



1 ,5,2 Interconnections of Systems 

An important idea that we will use throughout this book is the concept of the interconnec- 
tion of systems. Many real systems are built as interconnections of several subsystems. 
One example is an audio system, which involves the interconnection of a radio receiver, 
compact disc player, or tapodeck with an amplifier and one or more speakers. Another is 
a digitally controlled aircraft, which is an interconnection of the aircraft, described by its 
equations of molion and the aerodynamic forces affecting it; the sensors, which measure 
various aircraft variables such as accelerations, rotation rates, and heading; a digital au- 
topilot, which responds to the measured variables and to command inputs from the pilot 
(e.g., the desired course, altitude, and speed); and the aircraft's actuators, which respond 
to inputs provided by the autopilot in order to use the aircraft control surfaces (rudder, 
tail, ailerons) to change the aerodynamic forces on the aircraft. By viewing such a system 
as an interconnection of its components, we can use our understanding of the component 
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Figure 1.42 Interconnection of two systems: (a) series (cascade) intercon- 
nection; (b) parallel interconnection, fc) series- parallel interconnection. 



systems and of how they are interconnected in order to analyze the operation and behavior 
of the overall system. In addition, by describing a system in terms of an interconnection of 
simpler subsystems, we may in fact be able to define useful ways in which tu synthesize 
complex systems out of simpler, basic building blocks. 

While one can construct a variety of system interconnections, there are several ba>ic 
ores that are frequently encountered A series or cascade interconnection of two systems 
is illustrated in Figure 1 42(a). Diagrams such as this are referred to as block diagrams 
Here, the output of System 1 is the input to System 2. and Ihe overall system transforms 
an input by processing it first by System 1 and then by System 2. An example of a series 
interconnection is a radio receiver followed by an amp) i tier. Similarly, one can define a 
series interconnection of three or more systems. 

^parallel mercoMtectionbf two systems is illustrated in Figure 1.42(b). Here, the 
same input signal is applied to Systems I and 2, The symbol l W in (he figure denotes 
addition, so that the output of the parallel interconnection is the sum of the outputs of 
Systems 1 and 2. An example of a parallel interconnection is a simple audio system with 
several microphones feeding into a single amplifier>and speaker system. Tn addition to the 
simple parallel interconnection in Figure 1 .42(b), we can define parallel interconnections 
of more than two systems, and we can combine both cascade and parallel interconnections 
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tion. 



Feedback interconnec- 



to obtain more complicated interconnections. An example of such an interconnection is 
given m Figure 1.42(c), 4 

Another important type of system interconnection is a.feedback interconnection, an 
example of which is illustrated in Figure 1.43. Here, the output of System 1 is the input to 
System 2, while the output of System 2 is fed back and added to the external input to pro- 
duce the actual input to System I , Feedback systems arise in a wide variety of applications. 
For example, a cruise control system on an automobile senses the vehicle's velocity and 
adjusts the fuel flow in order to keep the speed at the desired level. Similarly, a digitally 
controlled aircraft is most naturally thought of as a feedhack system in which differences 
between actual and desired speed, heading, or altitude are fed back through the autopilot 
in. order lo correct these discrepancies. Also, electrical circuits are often usefully viewed 
as containing feedback interconnections. As an example, consider the circuit depicted in 
Figure 1.44(a). As indicated in Figure 1 44(b), this system can be viewed as the feedback 
interconnection of the two circuit elements. 
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Figure 1 .44 {a} Simpte electrical 
circuit; (b) black diagram ir which the 
circuit is depicted as the feedback inter- 
connection of two circuit elements. 



4 On otcLMtm, we will fliso use the symbol © in our pictorial representation of SYiltms, to denote the 
operation of multiplying two ti.gnal& (icc h for example. Figure 4.26} 
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1 .6 BASIC SYSTEM PROPERTIES 

In this section we introduce and discuss a number of basic properties of continuous-time 
and discrete-time systems. These properties have important physical interpretations and 
relatively simple mathematical descriptions using the signals and systems language that 
we have begun to develop. 

T.6.T Systems with and without Memory 

A system is said to be memaryless if its output for each value of the independent variable 
at a given time is dependent only on the input at that same time. For example, the system 
specified by the relationship 

is memory less, as the value of y[n] at any particular time no depends only on the value of 
x[n] at that time. Similarly, a resistor is a mMinoryless system; with the input x(t) taken as 
the current and with the voltage taken as the output y(t), the input-output relationship of a 
resistor is 

y(0 = RxOX (1,91) 

where JZ is the resistance. One particularly simple memoryless sysiem is the identity sys- 
tem, whose output is identical to its input. That is, the input-output relationship for the 
continuous-time identity system is 

v(0 = Jf(fX 
and the corresponding relationship in discrete time is 

y[nj = x[n]. 
An example of a discrete-time system with memory is an accumulator or summer 

n 

y[ri\ = X *[*]' 0-92) 

fc= -■» 

and a second example is a delay 

y[n] = j[n- 1]. 93) 

A capacitor is an example of a continuous-time system with memory, since if the input is 
taken to be the current and the output is the voltage, then 



■hi 



yO) = ^ | x(r)dT, (1.94) 

where C is the; capacitance. 

Roughly speaking, the concept of memory in a system corresponds to the presence 
of h mechanism in the system that retains or stores inforrnation about input values at times 
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other than the current time. For example, the delay in eq. (1.93) must retain or store the 
preceding value of the input. Similarly, the accumulator in eq. (1.92) must "remember" of 
store information ahout past inputs. In particular, the accumulator computes the running 
sum of all inputs up to the current lime, and thus, at each instant of time, the accumulator 
must add the current input value to the preceding value of the running sum. In other words, 
the relationship between the input and output of an accumulator can be described as 

& = --> 

orequjvalently, 

>'[«] = y[n - 1] + x[nl fl.96) 

Represented in the Matter way, to obtain the output at the current time n> the accumulator 
must remember the running sum of previous input values, which is exactly the preceding 
value of the accumulator output. 

In many physical systems, memory is directly associated with the storage of energy. 
For example, the capacitor in eq. (1.94) stores energy by accumulating electrical charge, 
represented at the integral of the current. Thns, the simple RC rircuit in Example 1 .8 
and Figure 1 . 1 has memory physically stored in the capacitor. Similarly, the automobile in 
Figure 1,2 has memory stored in its kinetic energy. In discrete-time systems implemented 
with computers or digital microprocessors, memory is typically directly associated with 
storage registers thai retain values between clock pulses 

While the concept of memory in a system would typically suggest storing past input 
and output values, our formal definition also leads to our referring to a system as having 
memory if the current output is dependent on future values of the input and output. While 
systems having this dependence on future values might at first seem unnatural, (hey in fact 
form an important class of systems, as we discuss further in Section 1.63. 

1 .6.2 JnvertibilJty and Inverse Systems 

A system is said to he invertible if distinct inputs lead to distinct outputs As illustrated in 
Figure 1 -45(a) for the discrete-time case, if a system is invertible, then an inverse system 
exists that, when cascaded with the original system, yields an output w[n] equal to the 
input x[n\ to the first system. Thus, the series interconnection in Figure \ .45(a) has an 
overall input-output relationship which is the same as that for the identity system. 
An example of an invertible continuous-time system is 



for which the inverse system is 



yir) = 2x{ll (1.97) 



MO = ^y(0- (1,98) 



This example is illustrated in Figure 1.45(b). Another example of an invertible system 
is the accumulator of eq. (1 .92). For this system, the difference between two successive 
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Figure T.4S Concept of an inverse system for: [a) a general invertible sys- 
tem, (b) the invertble system described by eq. (1.97); (c) the invertible system 
defined in eq. (1.92). 

values of the output is precisely the last input value. Therefore, irj this case, the inverse 
system is 



w[n] *> y[rt] - y[n- 1], 



as 



illustrated in Figure 1 A5(c). Examples of noninvertible systems are 



yM = O p 



(K99) 



(I 100) 



that is, the system that produces the zero output sequence for any input sequence, and 



— -A* 



y(0 - x z Ul 



(1J01) 



in which case we cannot determine the sign of the input from knowledge of the output. 

The concept of invertibility is important in many contexts. One example arises in 
systems for encoding used in a wide variety of communications applications. In such a 
system, a signal that we wish to transmit is first applied as the input to a system known 
as an encoder. There are many reasons for doing this, ranging from the desire to encrypt 
the original message for secure or private communication to the objective of providing 
some redundancy in the signal (for example, by adding what are known as parity bits) 
so that any errors that occur in transmission can be detected and, possibly, corrected For 
lossless coding! the input to the encoder must be exactly recoverable from the output; i.e., 
the encoder tnu^t be invertible. 



1.6,3 Causality 

A system is causal if the output at any time depends only on values of the input at the 
present time and in the past. Such a system is often referred to as being nonunticipative, as 
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the system output does not anticipate future values of the input Consequently, if two inputs 
to a causal system are identical up to some point in lime Iq or no, the corresponding output 
must also be equal up to this same time. The RC circuit of Figure 1,1 is causal, since 
the capacitor voltage responds only to the present and past values of the source voltage 
Similarly, the motion of an automobile is causal, since it does not anticipate future actions 
of the driver. The systems described in eqs. (1.92) - (1.94) are also causal, but the systems 
defined by 

yW = x[n\ - x[n + 1] (1.102) 

and 

y(t) = x(t+ 1) (1.103) 

are not. All memoryless systems are causal T since the output responds only to the current 
value of the input. 

Although causal systems are of great importance, they do not by any means constitute 
the only systems that are of practical significance. For example, causality is not often an 
essential constraint in applications in which the independent variable is not time, such as in 
image processing. Furthermore, in processing date that have been recorded previously, as 
often happens with speech^ geophysical, or meteorological signals, to name a few, we are 
bv no means constrained to causal processing. As another example, in many applications, 
including historical stock market analysis and demographic studies, we may be interested 
in determining a slowly varying trend in data that also contain high-frequency fluctuations 
about that trend. In this case, a commonly used approach is to average data over an interval 
in order to smooth out the fluctuations and keep only the trend. An example of a noncausal 
averaging system is 

Example f .12 

When checking the causality of a system, it is important to Look carefully at the input- 
output relation. To illustrate some of the issues involved in doing this, wt will checfc the 
causality of two particular systems. 
The first system is defined by 

y[*\ = *[-"]. (1-105) 

Note that the output ylno] at a positive time tiq depends only on the value of the input 
signal x[-/tis] at time (-rto)* which is negative and therefore in the past of no We may 
he tempted to conclude at thi s point that the given system is causal. However, we should 
always be careful to check the input-output relation for alt times, hi particular for it < 0, 
e,g.n = -4.weseetiiaty[-4] = x\4] , so that the output at this time depends on a future 
valut of the input Hence, Che system is not -causal 

It is also important to distinguish carefully the effects of the input from those of 
any other functions used in the definition of the system, for example, consider the system. 

y{t) = jr(r)cos(r+ 1>. {1.106} 
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In this system, the output at any time f equals the input at that same Time multiplied by 
a number that varies with time. Specifically we can rewrite eq, (1.1 06^ as 

where g(t) is a time-varying function, namely g(r) = cosit + 1). Thus, onlj the current 
value of the input j(r) influences the current value of the output yif). and wc conclude 
that this system is causal (and, in fact t memorylessj. 

1.6.4 Stability 

Stability is another important system property. Informally, a stable system is one in which 
small inputs lead to responses that do not diverge. For e*arnple, consider the pendulum in 
Figure 1.46(a), in which the input is the applied Force x(t) and the output is the angular 
deviation v(r) from the vertical. In this case, gravity applies a restoring force that tends 
to return the pendulum to the vertical position, and frictional lasses due to drag tend to 
slow it down. Consequently, if a small force xij) is applied, the resulting deflection from 
vertical will also be small. In contrast, for the inverted pendulum in Figure 1.46(b), the 
effect of gravity is to apply a force that tends to increase the deviation from vertical. Thus, 
a small applied force leads to a large vertical deflection causing the pendulum to topple 
over, despite any retarding forces due to fricti&n. 

The system in Figure 1 .46(a) is an example of a stable system, while that in Fig- 
ure l .46(b) is unstable. Models for chain reactions or for population growth with unlim- 
ited food supplies and no predators are examples of unstable systems, since the system 
response grows without bound in response to small inputs. Another example of an unsta- 
ble system is the model fora bank account balance in eq, (1.85), since if an initial deposit 
is made (i,e,, x[0] = a positive amount) and there are no subsequent withdraw als T then 
that deposit will grow each month without bound, because of the compounding effect of 
interest payments. 



///////// 
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Figure l .46 (a) A stable pendulum; 

(b) an unstable inverted pendulum 
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There are also numerous examples of stable systems. Stability of physical systems 
generally results from the presence of mechanisms that dissipate energy. For example, 
assuming positive component values, m the simple RC circuit of Example 1,8, the resistor 
dissipates energy and this circuit is a stable system. The system in Example 1 9 is also 
stable because of the dissipation of energy through friction. 

The preceding examples provide us with an intuitive understanding of che concept 
of stability- More formally, if the input to a stable system is bounded (i.e., if its magnitude 
docs not grow without bound), then the output must also be bounded and therefore cannot 
diverge. This is the definition of stability that we will use throughout this book. For exam- 
ple, consider applying a constant force /(/) = F to the automobile in Figure 1 2 h with the 
vehicle initially at rest. En this case the velocity of the car will increase, but not without 
bound, since the retarding frictional force also increases with velocity. In fact, the velocity 
will continue to increase until the frictional force exactly balances the applied force' sn, 
from eq. (1. 84)* we see that this terminal velocity value V must satisfy 

P V - -F t (1 107) 

m m 

i.e., 

V « -. 108) 

P 

As another example, consider the discrete-time system defined by cq_ ( 1 . 1 04 1, and 
.suppose that the input x[rt] is bounded in magnitude by some number, say, B, for all values 
of n. Then the largest possible magnitude for y[n] is also B, because y[n] is the average 
of a finite set of values of the input. Therefore, y[rr] is bounded and the system is stable. 
On the other hand, consider the accumulator described by eq. (1.92). Unlike the system 
ineq. (1.104), this system sums alt of the past values of the input rather than just a finite 
set of values, and the system is unstabk, since the sum can grow continually even if j:[h] 
is bounded. For example, if the input to the accumulator is a unit step u[n], the output 
will be 

n 
An] = X *W = (n + i)u[«l 

That is, y[0] = l 5 y[l] = 2, y[2] = 3, and so on h and y[n\ grows without bound, 
Exampfe T.T3 

If we suspect that a system is unstable, then a useful strategy to verify this is to look for 
a specific bounded input that leads to an unbounded output. Finding one such example 
enables us to conclude that the given system is unstable If such an example does not 
exist or \$ difficult to find h we must check for stability by using a method that does not 
utilize specific examples of input signals. To illustrate this approach, let us check the 
stability of rwo systems, 

S [ :y(t} = tx{i) .109) 
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and 

5 2 : y(t) - e*'K [L110) 

In seeking a specific counterexample in order to disprove stability, **c might try simple 
bounded inputs such as a constant or a unit step. For system 5, in eq. ( L109), a constant 
input *(r) = 1 yields y{t} = t, which is unbouaded, since no matter what finite con- 
stant we pick, |y(nj will exceed that constant foi some/. We conclude that system S\ is 
unstable. 

For system S 2l which happens to be stable, we would be unable to hud a bounded 
i nput that results i n an unbounded output. So we proceed to verify that aJ I bounded inputs 
result in bounded outputs, Specifically. Let B be an arbitrary positive number, and let x{t) 
be an arbitrary signal bounded by B; that is. we are making do assumption about _i(t), 
except that 

|jr(*)| < B t (1.1 1 1J 

or 

-B <.x(t) <B, (1112J 

for all t. Using the definition of 5i in eq. (1.110), we then see that if x(r) satisfies 
eq. ( 1 . 1 11 ^ then yU) must satisfy 

<•"* <\yU)\<e B . (1113) 

We conclude that if any input to 5 2 is bounded by an arbitrary positive number B, the 
corresponding output is guaranteed lo be bounded by e M , Thus, Sz is stable. 

The system properties and concepts that vt& have introduced so fax in this section 
are of great importance, and we will examine some of these in more detail later m the 
boot. There remain, however, two additional properties — time invariance and linearity — 
that play a particularly central role in the subsequent chapters of the book, and in the 
remainder of this section we introduce and provide initial discussions of these twq very 
important concepts. 

t .6.5 Time Invariance 

Conceptually, a system is time invariant if the behavior and characteristics of the system 
are fixed over time. For example, the RC circuit of Figure 1.1 is time invariant if the 
resistance and capacitance values R and C are constant over time: We would expect to 
get the same results from an experiment with this circuit today as we would if we ran the 
identical experiment tomorrow. On the other hand, if the values of K and C are changed 
or fluctuate over time, then we would expect the results of our experiment to depend on 
the tirne at which we run it. Similarly, if the frictional coefficient b and mass m of the 
automobile in Figure 1.2 are constant, we would expect the vehicle to respond identically 
independently of when we drive it. On the other hand, if we load the auto's trunk with 
heavy suitcases one day, thus increasing m, we would expect the car to behave differently 
than at other times when it is not so heavily loaded. 

The property of time invariance can be described very simply in terms of the signals 
and systems language that we have introduced. Specifically, a system is time invariant if 
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a time shift in the input signal results in an identical time shift in the output signal. That 
is, if y[n] is the output of a discrete-time, time- in variant system when x\n] is the input, 
then y[n - ti Q ) is the output when x [n - n fi \ is applied. In continuous time with y(t) the 
output corresponding to the input x(r\ a time-invariant system will have y {t — r w ) as ihe 
"output when jc(t - fy) is the input. 

To see how to determine whether a system is time invariant or not, and to gain some 
insight into this property, consider the following examples: 

Example IT 4 

Consider the continuous-time system defined by 

y(r) = »in|j(0]- 114j 

To check that this system is time invariant, we must determine whether the time- 
in variance property holds for any input and any time shift /«. Thus, let X\U) be an 
arbitrary input to this system* and let 

yi(i) = si[L[*i(f)l 0-115) 

be the unrrftpunding output. Then consider y second inpus ohtained hy shifting j , (/> in 
time: 

-^■/ = x t \t -t it ). (I.U61 

The output corresponding to this input is 

V;(f) = sin [*;(*>! = iin[j|(/ - to)]. <J 11'7> 

Similarly, from eq. (1 . 1 Y5\ 

>',<! -t n ) = siift| jc, {t -t„}\. (I 11S) 

Comparing eqs. (1.117) and (l.JJEj, we see that > L 2(0 = yt (t - /o) % and. therefore, this 
system is time invariant. 

Example t .15 

As a second example, consider the discrete-time system 

y[n] = r.x[nl (1.119) 

This is a time-varying system, a fact that can be verified using the same formal procedure 
as that used in the preceding example (see Problem 1.28), However, when a system is 
suspected of being rime varying, an approach to showing this that is often very uM^tul 
is to seek a counterexample — i,e r> to use our intuition to rind an input signal for which 
the condition of time invariant is violated. In particular, the system in this example 
represents a system with a time-varying gain. For example, if we know that tbe current 
input value is 1 , ws cannot determine the current output value without knowing the 
current time. 

Consequently consider the input signal x\[ri\ = 6[nT which yields an output 
yi \ri\ that is identically (since nSfrt] = 0). However, the input t.2 [ri\ = S\n- 11 yields 
the output y 2 [ft] - aS[n — 1] = Sfn— I]. Thus, while xi[t\] is a shitted version of JC|[n"|, 
yi[n] is not a shifted version of yi [n] 



52 



Signals and Systems Chap 1 



While the system in the preceding example has a time-varying gain and as a result 
is a time-varying system, the system in eq, (1 ,97) has a constant gain and, in fact, is time 
invariant. Other examples of time- in variant systems are given by eqs. (1-91)— (1.104), The 
following example illustrates a time-varying system. 

Example 1. 16 

Consider the system 



y{\) = ;c(2r). 



(1.120) 



Thk> system ^presents a time scaling. That is, y(t) is a time-compressed (by a factor of 
1) version <>f 40. Intuitively, then, any time shift in the input will also be compressed 
by afauorof 2. and it is for this reason that the system is not time invariant. To demon- 
strate this by tounterexample, consider the input x\{t) shown in Figure 3 47(a) and the 
resulting output y,(j> depicted in Figure 1.47(b) IF ive then shift the input by 2 — it h 
Consider x^tf} — Jt i (r - 2). a. 1 ) shown in Figure 1.47(c) — we obtain the resulting output 



^(i) 



2 2 t 

fa) 



yiffl 



1 1 



«a(t> - 3* t ft-aj 



(c) 



4 t 



¥=ftt 





(d) 



yifl-a> 



w 



Figure j,47 (a) The input * T (f) to the system in Exampie 1 '6; (b) the 
output y,(f) corresponding to x,{t}- (c) the shifted input fy{t) = x,{t - l)\ 
(d) the output j^(f) corresponding to x 2 (t); (s) the shifted signal y^{t - 2) 
Mote that ft{t) ¥= /, (f - 2) h showing that the system is not lime invariant 
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y*(r) = x 2 (2t} shown in Figure 1.47(d). Comparing Figures 1.47(d) and(e) T we see that 
>':(*) ^ >l0 - 2). sc that the system is not time invariant- (In fact. vi(0 = y-i(t - I >, so 
that the output time shift is only half as big as it should be for time in variance, due to the 
time compression imparted by The system.) 

1,6.6 Linearity 

A linear system, in continuous time or discrete time, is a system that possesses the impor- 
tant property of superposition: If an input consists of the weighted sum of several signals, 
then The output is the superposition — that is, the weighted sum — of the responses of the 
system to each of those signals. More precisely, let >'i(f) be the response of a continuous- 
lime system to an input jti(*)* and let yjtO be the output corresponding to the input x?it). 
Then the system is linear if: 

1. The response to x^(t) + x 2 {t) isy^O + >j(/>. 

2. The response u> ax y (t) is ay t (t), where a is any complex constant. 

The first of these two properties is known as the additivity property; the second is known 
as the scaling or homogeneity property. Although we have written this description using 
continuous-time signals, the same definition holds in discrete time. The systems specified 
by eqs. (1.91H1 100), (UQ2M1.104), and(Ul9) are linear, while those defined by 
eqs. (1.101) and (1.114) are nonlinear. Note that a system can be linear without being 
time invariant, as in eq, (1.119), and it can be time invariant without being linear, as in 
eqs. (1.1 01) and (1.114). 

The two properties defining a linear system can be- combined into a single statement 

continuous time: ax^(i) + bx 2 {t} —* ayi(t) + by 2 (t), (1.121) 

discrete time: aj^n] + bx 2 [ti] —> ay^[ri\ 4- by^n]- (1.122) 

Here, a and b are any complex constants. Furthermore, it is straightforward to show from 
the definition of linearity that if x k [n], k = 1, 2, 3 are a set of inputs to a discrete- 
time linear system with corresponding outputs yjt[n], £ = 1, 2, 3, . . t then the response lo 
a linear combination of these inputs given by 

x[n] = ^^a k x k [n] = a]X[[n] + a 2 x 2 [n\ + a^x^n] + ... (1.123) 

k 

is 

y[n] =^«*y*En] = a\y][n] + a 2 y2[n\ + a^y^ln] + .... (1.124) 

k 

This very important fact is known as the superposition property* which holds for linear 
systems in both continuous and discrete time. 

A direct consequence of the superposition property is that T for linear systems, an 
input which is zero for all time results in an output which is zero for all time. For example, 
if x[n] -^_v[n], then the homogeneity property tells us that 

= 0- x[n] -*■ - y[n\ = 0, (1.125) 
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Tn the following examples we illustrate how the linearity of a given system can be 
checked by directly applying the definition of linearity. 

Example 1.17 

Consider a system 5 whose input x(j) and output y{() are related h™ 

v(0 = txit) 

To determine whether or not S is linear, we consider two arbitrary inputs j|(/j and *:(/). 

xiir) -hh yzU) = txiit) 
Let jr^(/)bea linear combination of jr L (r)and x~(t). That is, 

where a and h are arbitrary scalars. If jei(f) is the input to S. then the cones ponding 
output may be expressed as 

= /(a.T|(r)-Ajr z (rl) 

- ay\(t) + by 2 (t) 
We conclude that the system 5 is linear. 

Example 1.18 

Let us apply the Einearity-checkin.g procedure of the. previous enaanple to another system 
S whose input x{t) and output y(t ) are related by 

y(r) - xfy) 
Defining x\(t\ ^2</) + and ^(r) as in the previous example* we have 

and 

= ^y,W + ^yi(0 + 2aftj,(r>J2(^ 

dearly, we can specify JiO\-*;(0. ^ and fc such that y 3 fr)isiwt the same asa>,(0 + 
by 2 (t) .For example, if j] (/) = l t *;<r) = C,a = 2 T and£ = O.thenji(0 = i2xi(t)) 2 = 
4 T hut 2^(0 = 2{x\(t)f = 2. We conclude that the system 5 is not linear. 

Example 1.19 

Tn checking the linearity of a system, it is important to remember that the system must 
satisfy both the additivjty and homogeneity properties and that the signals as well as 
any scaling constants, are allowed to be complex. To emphasize the importance of these 
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points, consider the system specified by 

y[n] ^Gle{\[n]}. 0-126) 

As shown in Problem 1.2 Q T this system U addilive: however, it does not satisfy the ho- 
mogeneity property^ as we now demonstrate. Let 

x[n\ = r[n\ + Js[n\ (1.127) 

htan arbitrary comple* input with real and imaginary part* r[n] and s[n\, respectively, 
so that the corresponding output is 

V|[u] - r[n}. (1,128) 

Now* consider scaling x\ \n] by a complex number, for example, a ^ j, i,e , consider 
the input 

x 2 [n] = jx\\n\ = j(r[nl +■ ji(b1» .* j^g. 

= -j[b] + jr{ri\. 

The output corresponding to Jzffl) is 

whtch is not equal to the scaled version of jifnj, 

fljMnJ - jrfnl (L.13I) 

We conclude that the system violates the homogeneity property and hence is not linear. 

Example 1.20 

Consider the system 

Y[n\ =2x[n]+ 3. (L.132) 

This system is not iinear, as can be verified in several ways. For example, the system 
violates the additLvity property: IF x,[n] = 2 and x 2 [n] = X then 

Xi[nl -» >L(nJ = 2x,;n] + 3 = 7, i l_13Sj 

**[»]-> V2["J = 2* 2 [nJ + 3 - 9. <I.134| 

However, the response to *j[ji] — *i[n] + JfzTflJis 

y 3 [rt] = 2Ui[i] + JC^t*ll + 3 = 13- (1.135) 

which does not equal y\[ri\ + yi[rt] = 16. Alternatively, since y\tt] = 3 if i[n] = t wc 
see that the system violates the "zero-in/zero-out" property of linear systems given in 
eq. (1,125). 

Jt may seem surprising that the system in the above example is nonlinear, since 
eq. {1.132) is a linear equation. On the other hand, as depicted in Figure 1 r 4g T (he outpui 
of this system can be represented as the sum of the output of a linear system and another 
signal equal to the zero-mpul response of the system. Fr>r the sy stern in eq. (1 . 1 32), the 
linear system is 

and the zero-input response is 
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Figure | r 48 Structure ol an incrementally linear system. Here, >t[n} is the 
zero-input response of the system. 



There iirt, in fact, large classes of systems in both continuous and discrete time lhat 
can be represented as in Figure 1-4-& — i.e.. fox which the overall system output consists 
of the superposition of the response of a linear system with a zero-input response As 
ihown in Pmnlem 1.47, sach systems correspond to the class of mt rementcliy linear 
A-ystertiA — i.e.. systems in continuous or discrete time that respond linearly to changes in 
the input. In tnther words* rhe difference betwecQ the responses to any two inputs l<i an 
incrementally Linear system is a linear fi e., additive and homogeneous.) function of the 
difference between The twe inputs For example, if J| [n\ and x?[n] are two inputs to the 
system specified by eq. (1.132), and if _vi InJ and > : [nj iire the toiresponding outputs, 
then 

>-i T«l - v 2 H = 2jr,[flJ + 3 -{2x 2 [n] + $} = 2| jrjrtl - x 2 \n\- (.1.136) 



1.7 SUMMARY 



In this chapter, we have developed a number of basic concepts related to continuous-time 
and discrete-time signals and systems. We have presented both an intuitive picture of what 
signals and systems arc through several examples and a mathematical representation for 
signals and systems that we will use throughout the book. Specifically, we introduced 
graphical and mathematical representations of signals and used these representations in 
performing transformations of the independent variable. We also defined and examined 
several basic signals, both in continuous time and in discrete time. These included com- 
plex exponential signals, sinusoidal signals, and unit impulse and step functions. In ad- 
dition, we investigated the concept of periodicity for continuous time and discrete-time 
signals. 

In developing some of the elementary ideas related to systems, we introduced block 
diagrams to facilitate our discussions concerning the interconnection of systems, and we 
defined a number of important properties of systems, including causality, stability, time 
invariance, and linearity. 

The primary focus in most of this book will be on the class of linear, time- in variant 
(LIT) systems, both in continuous time and in discrete time. These systems play a par- 
ticularly important role in system analysis and design, in part due to the fact that many 
systems encountered in nature can be successfully modeled as linear and time invariant. 
Furthermore, as we shall see in the following chapters, the properties of luieanty and time 
in variance allow us to analy?e in detail the behavior of LTI systems. 
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Basic problems emphasize the mechanic* of using concepts and methods in a man- 
ner similar to thai illustrated in the examples that are solved in tfie text 

Advanced problems explore and elaborate upon the foundations and practical im 
plications of the textual material. 

The first section of problems belongs to the basic category, and the answers are pro- 
vided in the back of the book. The next two sections contain problems belonging to the 
basic and advanced categories, respectively. A final section. Mathematical Review, pro- 
vides practice problems on the fundamental ideas of complex arithmetic and algebra. 

BASIC PROBLEMS WITH ANSWERS 



1*1- Kxpress each of the following complex numbers in Cartesian form (x + jy) ^ c Jir 
1.2, 



,jw 



f!J)Z ~ Jit! I '2 



y2*J 



a : a 



v2* 



; 4tt-a _/2e~ j97rM 



/2c 



- ) irt-i 



Express each of the following complex numbers in polar form ire'*, with ir < 
& --- flr):J>.-Z,-3j\i -j\\ I +r,(\-j)\jO-jl (1 +;)/(! A <v 2 + / v"^/ 

1.3, Determine the values of F. and ft<, for each of the following signals: 

(a) x\U) = e V) (b) x 2 {t) = e Ji*+*U) ( c j x ^ ti = CQsU) 

(d> x\[n\ = (-;-)"jf[ff| (e) x*\n] - e <(^"^'*) (f| x ^\ = cos(Jn) 

1.4, Let x[n] be a signal with x\n] = for n < -2 and n > 4. For each signal given 
below, determine the values of n for which it is guaranteed to be zero, 

(a) x\n -3J <b) *[n + 41 (c) x[-n] 

(d) x[-n + 2] (e) x[-n-t\ 

1.5, Let x(t) be a signal with x{t) - for t < 3. For each signal given below, determine 
the values of t for which it is guaranteed io be zero. 

(a) x(\ - (b) x{] - t) + x(2 - i) (ci xil - t)x{2 - t) 
(d) x{10 (e> x{tl3) 

L6p Determine whether or not each of the following signals is periodic: 

(a) x\(0 = 2e>i"^uii) (b) x 2 [n] = *[*1 + u[-n) 

(c) xAn] - Xl=. ,{S[« " 4k] - d[n - I - 4*]} 
\J r For each signal given below, determine all the values of the independent variable at 

which the even part of the signal is guaranteed to be zero. 

(a) jti[«1 = u[n]-u[rj-4] (b) xtf) = sm^f) 

(c) x 3 \n] = <|) fl ji[n - 3] (d) x+(r) = e-* f u(t + 2) 

1 .8, Express the real part of each of th e f ol lo wi ng signals, in the form A? " oS co s(oj t + 4>y 

where A, a, <a+ and <£ are real numbers with A > and — it < $ ^ ir: 

(a) jri(f) = -2 (b) x 2 (0 = ^^ /J( cos(3f-l-27r) 

(c) x$[t) = e _ <sin(3/ + 77} (d) j 4 (/) = jV-2+/ioo). 

1.9* Determine whether or not each of the following signals is periodic. If a signal is 
periodic, specify its fundamental period, 
(a) x\[t) = je*™* (b) j 2 (/) ^ *<-l+jV ^ Xl[n] = e p vn 
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1.10. Determine the fundamental period of the signal x(j) = 2cos(10/+ 1)- sin{4f - 1). 

1.11. Determine the fundamental period of the signal x[n] = 1 + e& vnn - ei 2 *"**. 

1.12. Consider the discrete-time signal 

no 

t[/i] * 1 -^Sbi-l-ifc). 
t=^ 

Determine the values of the integers M and no so that x\n\ may be expressed as 

x[ri] - u[Mn - n ], 

1.13. Consider the continuous-time signal 

x{t) = S(t + 2)-a(t-2X 
Calculate the value of E<* for the signal 

y(t) = [ x{T)dT, 

J —en 

1.14. Consider a periodic signal 

M D*,s 1 

WJ \-2, ]<t<2 

with period T = 2. The derivative of this signal is related to the "impulse train" 

8(0 = 2 *<' - 2*) 
with period F = 2. It can be shown that 

Determine the values of A|. i l% A 2t and r 2 . 

1.15. Consider* system 5 with input x[n] and output y[n]. This system is obtained through 
a series interconnection of a system 5| followed by a system S 2 . The input-output 
relationships for S t and 5 2 are 

5i : y\M = 2x } [n] + 4xdn - 1], 
Si: y 2 [n] = x 2 [n-2] + ijc 2 [ n -3L 

where jci[«] and *2[n] denote input signals, 
(a) Determine the input-output relationship for system S. 

<b) Does the input-output relationship of system S change if the order in which Si 
and S 2 are connected in series is reversed (i.e., if S* follows S,}? 

1.1*. Consider a discrete-time system with input x[n] and output y[n\. The input-output 
relationship for this system is 

yN - x[n]x[n - 2]. 
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(a) Is the system memory less? 

(b) Determine the output of the system when the input is AB{n\, where A is any 
real or complex number 

(c) Is the system invertible? 

1*17. Consider a comimious-time system with input x(t) and output y{t} related by 

y(t) = *Uin(r))> 

(a) Is this system causal? 

(b) Is this system linear? 

1.18. Consider a discrete-time system with input x[n] and output y[ri] related by 

where n§ is a finite positive integer 

(a.) Is this system linear? 

(a) Is this system time-invariant? 

(c) If x[n] is known to be bounded by a finite integer£(i.e,, |*[n]| < B for all n) t it 
can be shown that y[n] is beunded by a finite number C We conclude that the 
given system is stable. Express C in terms of B and n^ 

1.19, For each of the following input-output relationships, determine whether the corre- 
sponding system is linear, time invariant or both, 

(a) y(t) = / V/ - 1) (b) y\n\ = x 2 ^ - 2} 

(c) y\ri] = x[n + 1] - jf[n - 1] <d) y[n] = Od{x(t)} 

1,2(1. A t*mtinuous-time linear system S with input x(t) and output y(r) yields the follow- 
ing inputoutput pairs: 

(a) Tf jcj (0 = cos(2f), determine the corresponding output y,{t) for system S, 

(b) If xi(t) = cos(2{r - |», determine the coiresponding output y 2 (0 for sys- 
tem S, 

BASIC PROBLEMS 

1.21. A continuous-time signal xit) is shown in Figure PI. 21. Sketch and label carefully 
each of the following signals: 

(a) x{t - 1) fl>) x{2 - (c) x(2t + 1) 

(d) x{4 - i) < e > [ X (t) +- x(-t)\uU) (f) x(t)[8<t + I) - &(i - *)] 

1.22, A discrete-time signal is shown in Figure P 1 .22, Sketch and label carefully each of 
the following signals. 

(a) x[n - 4] <b} 43 - n] (c) x[3n] 

(d) je[3« + 11 (e) jcfrtlu[3 - n] (f) x[n - 2]S\n - 2] 

<B) H«J + £( -!)"*[«] (h) x[(n - if] 
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Figure PI. 21 



Figure PI .22 



1.23* Determine andiketch the even and odd parts of the signals deptcted in Figure Pi. 23 
Label your sketches carefully. 



m 



vx 



(a) 



1 2 




2 -1 



(b) 



The 4ine 

Xft) = -StfOrt<0 




The line 

x(t) = t fort > 



-1 1 



Figure P) .23 



1,24. Determine and sketch the even and odd parts of the signals depicted ir FigureP1.24 
Label your sketches carefully. 
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Figure PI .24 



1*25. Determine whether ornot each of the following continuous-time signals is periodic 
If the signal is periodic* determine its fundamental period. 



(a) x{t) = 3cos{4* + f) 
(C) x(t) = [cos(2f - f )]* 

(c) x{t) = Sp{sin(47rt)H{0} 



(b) x(i) = e J[m - [ > 

(d) X(t) = £l^COS(47T/)il(0} 



1.26. Determine whether or not each of the following discrete-time signals is periodic If 
the signal is periodic, determine its fundamental period- 

(a) x[n] = sin(^n + 1) (b) *[n] = cos(| - ?r| <c) jt[h] = cos(|« : ) 

<d) rl/tl = cos<fn)cos(^n) (e) *[*] = 2cos(f n) + sin<§*> - 2u>s(^« + £) 

1*27* In this chapter, we introduced a number of general properties of systems. In panic 
uiar, a system may or may not be 

(1) Memory le&a 

(2) Time invariant 

(3) Linear 

(4) Causal 

(5) Stable 

^Determine which of these properties hold and which do nut hold for eat:h of the 
following oontinuoiis-time systems. Justify your answers. In each example, >■(/) de- 
notes the system output and xU) is the system input. 
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(a) y(t) - x{t - 2) + x{2 - r) (b) y<0 « [costfDltffl 



Jai 



12 



1.28. Determine which of the properties listed in Problem 1.27 hold and which do not 
bold for each of the following discrete-time systems. Justify your answers. In each 
example, y[n] denotes the system output and x[n] is the system input. 

[a) yfrt] = jt[-»J <b) y[n] = x[n - 2) -*2x[n - 8] 
(c) y\n] = nx\n] <d) y[n] = cM*[* - 1|} 

f x[n] r n > 1 f *[*], * £ 1 

(e) yln] = J 0, n = (f> y[n] = J P n = 

[jf[rt+ 1], * £ -I [ x[n\, n ^ -1 

(g> ylrt] = Jf[4n+ I] 

1.29. (a) Show that the discrete-time system whose input x[ri] and output y[n] are related 

by yW - $i*{x[n]} is additive. Does this system remain additive if its input- 
output relationship is changed to y[n] = (R*{^ W4 *[*]}? (Do not assume that 
x[n] is real in this problem*) 

(b) In the text, we discussed the fact that the property of linearity for a system is 
equivalent to the system possessing both the addirtvity property and homogene- 
ity property. Determine whether each of the systems defined below is additive 
and/or homogeneous. Justify your answers by providing a proof for each prop- 
erty if it holds or a counterexample if it does not 

<*>*<> -AW <*>*.] -{fISir 1 - JlJj'J 

130, Determine if each of the following systems is invertible. If it is, construct die inverse 
system. If it is not, find two input signals to the system thai have the same output, 
fa) y(r) = x(t - 4) (b) y(r) = cosI*(f)] 

(C) y[n] = nx[n\ <d) y(r) = J^x(tVt 

f x[n- l] p n ^ 1 
(e> y[rt] = 1 ft « = (I) y[n] = x\n]x[n - 1] 

[ x[nl tt == -1 

<&> yM = *[1 - «] (b) y(/> = | c ^ *-('-« j(T)(fT 

(J) yM = 5;:-.(^-*Jt*J (I) yit) - ^ 

*[/i +■ 1], n ^ ,_. , . 



(k) y\n\ = 



Cm) y[n] = *r2«] (n) y£/i] - I *[ ||/2 1 * even 

L U- nodd 

1J1. In this problem, we illustrate one of the most important consequences of the prop- 
erties of linearity and time invariaiw;e + Specifically, once we know the response 
of a linear system or a linear time-invariant (LIT) system to a single input or the 
responses to several inputs, we can directly compute the responses to many other 
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input signals. Much of the remainder of this book deals with a thorough exploitation 
of tins fact in order to develop results and techniques for anal yfcing and synthesizing 
LTT sy stems . 

(a) Consider an LT1 .system whose response id the signal xj (r) in Figure PL3 J (a) is 
the signal y\{t) illustrated in Figure PI. 3 1(b). Determine and sketch carefully 
the response of the system to the input *z(0 depicted in Figure PI, 31(c). 

(b) Determine and sketch the response of the system considered in part la) to the 
input xi{t) shown in Figure PI. 3 lid). 



*iffl 



1 2 

(a) 



*«) 
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c 1 2 
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Figure PI .31 



ADVANCED PROBLEMS 

1.32. Let jt(/) be a continuous-time signal* and let 

yrft) - jr<2f)and>4(r) = x(t/2). 

The signal y\{t) represents a speeded up version of x(t) in the sense that the duration 
of the signal is cut in half. Similarly, y 2 (t) represents a slowed down version of 
x(t) in the sense that the duration of the signal is doubled. Consider the following 
statements: 

(1) If x{t) is periodic, then yt {t) is periodic. 

(2) If yi[t) is periodic, then x{i) is periodic. 

(3) If x{i) is periodic, then j^tO is periodic. 

(4) If yziO is periodic, then x{t) is periodic. 

For each of these statements, determine whether it is true, and if so h determine the 
relationship between the fundamental periods of the two signals considered in the 
statement. If the statement is nottrue» produce a counterexample to it. 

1.33i Let x[n] be a discrete- time signal, and let 



>-■ t«] = Jfl2«| and y 2 [n] = J * Cn/2] ' 



neven 
n odd 
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The signals yt [n] and ysf/ij respectively represent in some sen.se the speeded up and 
slowed down versions of x[n]. However, it should be noted that the discrete- time 
notions of speeded up and slowed down have subtle differences with respect to their 
continuous- time counterparts* Consider the following statements: 

( 1 ) If x[n] is periodic, then y^ [n] is periodic. 

(2) If j] [ri] U periodic, then x\n] is periodic. 

(3) If Jt[nl is periodic, then v^tn] is periodic. 

(4) If yzin] is periodic, then x[n] is periodic. 

For each of these statements, determine whether it is true, and if so, determine the 
relationship between the fundamental periods of the two signals considered in the 
statement. If the statement is not tiue T produce a counterexample to it 

1.34. In this problem, we explore several of the properties of even and odd signals. 

(a) Show that if x[n] is an odd signal, then 

■+•» 

(b) Show that if jt] [n] is an odd signal and X2[n] is an even signal, then jtj [n]x2 [tt] 
is an odd signal. 

(c) Let jc[n\ be an arbitrary signal, with even and odd parts denoted by 



and 



Show that 



x [n] = 6dU\nl\. 



fl=— * A=— » a= — ™> 

(d> Although pans (aHc) have been stated in terms of discrete-time signals, the 
analogous properties are also valid in continuous time. To demonstrate this, 
show that 



x 2 nxit = xfttydt + | xlitydt, 

J -<K J-rt J -co 



where ^(0 and x {i) are, respectively, the even and odd parts of x{t). 
1,55. Consider the periodic discrete-time exponential time signal 

x[n] = £ M2*m^ 

Show that the fundamental period of this signal is 

JV = JWgcd^jV), 

where gcd{m, N> is the .sjreafcsr comiwwi divisor of m and N — -that is. the largest 
integer that divides both m and N an integral number of times. For example, 

gcd(2 h 3> = l,gcd(2,4) = 2,gcd(8,l2) - 4, 

Note that JV& - /V if wi and iV have no factors in common. 
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1.56, Let x(t) he the continuous-time complex exponential signal 

x(t) - e^» s 

with fundamental frequency wn and fundamental period To = Itr/to^ Consider the 
discrete-time signal obtained by taking equally spaced samples of x{r) — that is, 

x[n] - x(nT) = e***** 1 . 

(a) Show that j|n] is periodic if and only if TfT^ is a rational number — that is. if 
and only if some multiple of the sampling interval exactly equals a multiple of 
the period of jc(f). 

(b) Suppose that x[n\ is periodic — that is t that 

£ --* (P1.3W) 

where p and q are integers. What are the fundamental period and fundamental 
frequency of x\n\l Express the fundamental frequency as a fraction of u>nT. 

(c) Again assuming that TfT$ satisfies eq, (PI .36—1), determine precisely how 
many periods of x(t) are needed to obtain the samples that form a single period 
of x[n\, 

137. An important concept in many communications applications is the correlation be- 
tween two signals. In the problems at the end of Chapter 2, we will have more to 
say about this topic and will provide some indication of how it is used in practice. 
For now, we content ourselves with a brief introduction to correlation functions and 
some of their properties. 

Let x(t) and y(t) be two signals; then the correlation function is defined as 

<M0 = x{t 4- r}y(T)dT. 



The function $ ZI (0 is usually referred to as the autocorrelation function of the signal 
x(t), while ^^rj(r) is often called a cross-correlation function. 

(a) What is the relationship between $ xy (t) and $ yx {tyi 

(b) Compute the odd part of 4^(0- 

(c) Suppose that yit) *= x{t + T). Express ^^(r) and $ vy {t) in terms of $*x{t). 

138. In this problem, we examine a few of the properties of the unit impulse function. 

(a) Show that 

S(2t) - Afi(f). 

Hint: Examine 3a (r), (See Figure 1 34.) 

(b) In Section \A, we defined the continuous-time unit impulse as the limit of the 
signal 5a (j). More precisely, we defined several of the properties of o"(f) by 
examining the corresponding properties of S&{t). For example, since the signal 

«a(0 = f £i(T)dT 
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converges to the unit step 






(Pi.M-n 



we could interprei 5(f) ihrough the equation 

w(r) - f &ir)dT 

or by viewing S(t) as the formal derivative of w(0* 

This lype ot discussion is important, as we are in effect trying to define 
5(f) ihrougfriis properties rather than by specifying vis value for each i T which 
is not possible. In Chapter 2, we provide a very simple characterization of the 
behavior of the unit impulse that is extremely useful in the study of linear tiTTie- 
invariant systems. For the present, however, we concentrate on demonstrating 
thai the important concept in using the unit impulse is to understand how it 
behaves. To do this T consider the si* signals depicted in Figure PI. 38. Show 
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Figure PI .38 
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that each "behaves like an impulse" as A — * in that, if we Let 



then 






in each case, sketch and label carefully the signal w^(/). Note chat 

/£(0) = rj<0) = for all A. 

Therefore, it is not enough to define or to think of &(t) as being zero for / ^ 
and infinite for / = 0, Rather, it is properties snch as eq. (Pl.38-1) that define 
the impulse. In Section 2.5 we will define a whole class of signal*; known as 
singularity functions, which are related to the unit impulse and which are also 
denned in terms of their properties rather than their values, 

1*39, The role played by u(t), &{t), and other singularity functions in the study of linear 
time-invariant systems is that of an idealization of a physical phenomenon, and, as 
we will see, the use of these idealizations allow us to obtain an exceedingly impor- 
tant and very simple representation of such systems. In using singularity functions* 
we need, however, to be careful In particular, we must remember that they are ideal- 
izatiom, and thus, whenever we perform a calculation using them, we are implicitly 
assuming that ihis calculation represents an accurate description of the behavior of 
the signals that they are intended to idealise. To illustrate, consider the equation 

*U)S(*) = jr(0)fi(r), (P139-1) 

This equation is hased on ihe observation that 

*(f)*A(0 - *(<Wi<0- (Pl.39-2) 

Taking the limit of this; relationship then yields the idealized one given by &q, 
(PI .39-1), However, a more careful examination of our derivation of eq. (Pl.39-2) 
allows that that equation really makes sense only if jc(t) is continuous at t - D. If it 
is not, then we will not have x(t) ** x{0) for r small. 

To make this point clearer, consider the unit step signal if(r). Recall from eq, 
(1 .70) that u(t) = for t < and u(x) ~ 1 for t > 0, but that its value at t = is 
not dermed. [Note, for example, that «a(0) =*= for all A, while w^(0) = ± (from 
Problem 1 .33(b)).] The fact that u(0) is nol defined is not particularly bethersome, 
as long as the taJcuJatioTis we perform using #(*)do not re\y on a specific choice for 
u(0). For example, if fit) is a signal that is continuous at t — 0, then the value of 

does nol depend upon a choice for m(Q), On the other hand* the fact that «i0) is 
undefined is significant in that it means that certain calculations involving singular- 
ity functions are undefined. Consider trying to define a value for the product u(t}&{t). 



63 Signals artf Systems Chap. 1 

To see that this cannot be defined, show that 

IimE«i(*)*(0] - 0, 

A— *(t 

but 

In general, we can define the product of [wo signals without any difficulty, 
as long as the signals do not contain singularities (discontinuities, impulses, or the 
other singularities introduced in Section 2.5) whose locations coincide. When the 
locations do coincide, the product is undefined. As an example, show that the signal 



g(t) = f u{T)S{t - r>dr 

J- >*■ 



is identical to u(t ); that is, it is for : < 0> it equals 1 for r > 0, and it is undefined 

for t = 0. 

1,40. (a) Show that if a system is either additive or homogeneous, \t has the properly 
that if the input is identically zero, then the output is also identically zero. 

(b) Determine a system (either in continuous or discrete time) thai is neither ad- 
ditive nor homogeneous but which has a zero output if the input is identically 
zero, 

(c) From part (a), can you conclude that if the input to a linear system is zero be- 
tween times r] and r^in continuous time or between times tt\ and n 2 in discrete 
time, then its output must also be zero between these same times? Explain your 
answer. 

1*41. Consider a system S with input x[n] and output y[n] related by 

tf«] = x[nMn] + *[* - tft 

(a) If g[n] = 1 for all rc T show that S is time invariant. 

(b) If g[n) = n t show that $ is not time invariant. 

(c) If g[ri] — I +(—])"„ show that 5 is time invariant. 
1.42. (a) 1$ the following statement true or false? 

The series interconnection of two linear time-invariant systems is itself a linea*, 
time-invariant system. 

Justify your answer. 

(b) Is the following statement true or false? 

The series interconnection of two nonlinear systems is itself nonlinear. 

Justify your answer. 

(c) Consider three systems with the following input-output relation ships; 

0. rt odd 
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System 2: y[n] = x[n] + -x[n - 1] ■+■ ^jc[n - 2] h 

System 3: y[n] = x[2n] r 

Suppose that these systems are connected in series as depicted in Figure PI. 42, 
Find the input-output relationship for tfie overall interconnected system, Is this 
system linear? Is it time invariant? 



System 1 



System 2 



System 3 



VN 



Figure PI A1 



1.43. (a) Consider a time-invariant system with input x(t) and output y(t). Show that if 

x(r) is periodic with period 7\ then so h y{t}. Show that the analogous result 
also holds in discrete time, 
(b) Give an example of a time-invamnt system and a nonperiodic input signal x(t) 
such that the corresponding output y(l) is periodic. 

1.44. (a) Show that causality for a continuous-time linear system is equivalent to the 

following statement: 

For any time r and any input *(/) such that xit) — for i < To, the correspond- 
ing output y{t} must also be zero foe t < f - 

The analogous statement can be made for a discrete-time Jinear system. 

(b) Find a nonlinear system that satisfies the foregoing condition but is not causal. 

(c) Find a nonlinear system that is causal but does not satisfy the condition. 

(d) Show that invertihility for a discrete-time linear system is equivalent to the 
following statement: 

The only input that produces y[n] ~ for all n is jrtnj = for all n. 

The analogous statement is also true for a continuous-time linear system. 

(e) Find a nonlinear system that satisfies the condition of part (d) but is not invert- 
ible. 

1.45. Tn Problem 1 .37, we introduced the concept of correlation functions. It is often im- 
portant in practice to compute the correlation function 4>hAt), where h{t) is a fixed 
given signal* but where x{i) may be any of a wide variety of signals. In this case, 
what is done is to design a system S with input x[t) and output <£^(r). 

(a) Is S linear? Is 5 time invariant? Is S causal? Explain your answers. 

(b) Do any of your answers to part (a) change if we take as the output 4> r r,U) rather 
than «fo„(0? 

1.46. Consider the feedback system of Figure PI ,46. Assume that y[n] = for n < 0. 



m 



G> 



e[n] 



V[n] - e(rt - 1] 



■+*- Vln] 



Figure Pf .46 
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(a) Sketch the output when x[n] = S[n]. 

(b) Sketch the output when x[n] = u[n]. 

1.47. (a) Let S denote an incrementally linear system, and Let *i [n] be an arbitrary input 
signal to S with corresponding output yiln]. Consider the system illustrated in 
Figure PI .47(a). Show that this system h linear and that, in fact, the overall 
input-output relationship between x[n] and y[n] does not depend on the partic- 
ular choice of T| [n] L 

(b) Use the result of part (a) to show that 5 can be represented in the form shown 
in Figure 1,48, 

(c) Which of the following systems are incrementally linear? Justify your answers, 
and if a system is incrementally linear, identify the linear system L and the zero- 
unput response yo[n] or yo(r) for the representation of the system as shown in 
Figure IAS. 

0) y&] = n + x{n] + 2x[n + 4] 

n/2* n even 

(n-iyi 

(n- 1>/2+ ]T *M nodd 



(ii) y[n] - 




*- y[nl 



*• yw 



(b) 



cos (unj 



_ f , vln| 

r * [+1 » 



"Enl 



M=^[n] 



> 



w[nJ = K £ [ n ) 



z{nl 



*-y(n] 



w[n] 



Figure PI, 47 
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(iii) y[n) = 



t[«]- \[n- 11 + 3, if *|0] ^0 

(iv) Th& system depicted in Figure PI .47(b). 
(v) The system depicted in Figure PI .47(c). 
(d) Suppose that a particular incrementally iitiear system has a representation as 
in Figure 1 .43, with L denoting the linear system and yo[nJ the zero-input re- 
sponse. Show that S is time invariant if and only if L is a time-invariant system 
and yo[n] is constant 



MATHEMATICAL REVIEW 

The complex number z can be expressed in several ways. The Cartesian or rectangular 
form for z is 

z = j + jy, 

where j = J^\ and x and y arc rea] numbers referred to respectively as the real part and 
the imaginary part of z- As we indicated earner, we will often use the notation 

x = (R^\z), y = 4m{zl 

The complex number z can also be represented in polar form as 

z - re je , 

where r > is the magnitude of z and 8 is the angle or phase of z. These quantities will 
often be written as 

r = \z\. - <z. 

The relationship between these two representations of complex numbers can be de- 
termined either from Eider's relation, 

e& = co&0 + ;sin0 h 

or by plotting z in the complex plane, as shown in Figure P1.48, In which the coordinate 
axes are CFWz] along the horizontal axis and $m{z} along the vertical axis. With respect to 
this graphical representation, x and y are the Cartesian coordinates of z* and r and are its 
polar coordinates. 



rfrrt 




Figure PI .48 
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1,4& Let ^o be a complex number with polar coordinates (r&, &q) and Cartesian coordi- 
nates (x^, »>). Determine expressions for the Cartesian coordinates of the following 
complex numbers in terms of xq and yo- PJot the points zo-, zuZ2, £i, zx* and zs in 
the complex plane when r,> = 2 and W = tt/4 and when r = 2 and 0o = ^72. 
Indicate un your plots the real and imaginary parts of each point. 

(a) zi = r n e->»» (h) z 2 = r & (cj a = rn*'*"'^ 
(d> ^ - rof^-^- m > (e) ^ = r^Jif"-^' 

1-49. Express each ot the following complex numbers in polar form, and plot them in the 
complex plane, indicating ihe magnitude and angle of eath. number: 
<a) 1 +//3 (b) -5 <c) -5~5j 

(d> 3 + 4/ fe) (1 -jjl? <f> CI + /) 5 

(B) (v r 3 + J 3 )d - ;) (h) ^f (i) 1^ 

U) y(i +■ j)^'* (k) {Jl + jyijie-*** a) f^ 

1.50. (a) Using Euler's relationship or Figure PI. 48, determine expressions fur x and y 

in terms tiff and 0, 

(b) Determine expressions for r and & in terms of x and ;y. 

(c) If we are given only r and tan 0, can we uniquely determine x and >^ Explain 
your answer. 

1.51. Using Euler's relation, derive the following relationships: 

<aj cosfl - - 2 (e jif + e~ J ") 

(b) sine = ±;{e& - e~ j(> ) 

(c) cv* 2 6 - ±{1 + co&20) 

<d) (sinfl)(sinc£) = 1 cos(0 - $) - k ws{& + <p) 
(*) sin(0 + <fil **■ sin0cos# + eos0sinc£ 

1.52. Letz denote a complex variable: that is. 



The complex conjugate of £ is 



£ = jt + jy = r£ jS . 



= x - jy = re ; ", 



Derive each of the following relations, where z, zu and zi are arbitrary complex 
numbers. 

(a) zz* = r 2 

(b) ■=- = e>™ 

(c) z +■ ^ = 2<R*fc} 

(d) £ - £* = 2/rfmfe} 
<e> (si +■ r 2 r = z* + s 2 

<f> te]^) 4 - az*z\, where a is any real number 

(hi tfW{^} = I[^±^] 

1.53, Derive die following relations, where z. z u and zi are arbitrary complex numbers: 
(a) (jy = <? 

(b> si^5 f sir, - 2(K*Uie;} - 2ffl*U"e 3 } 
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<cj \?\ = |^| 

(d) |Z|Z;| = l^ilJ^I 

f*> k^ + ^i -- 2bs 2 [ 

(g> (ki|-|:2l) 2 ^ Izi +£2,'" ^ (i^i' + kl) 2 
1*54. The relations considered in this problem are used on many occasions throughout the 
book, 
(a) Prove the validity of the following expression: 



■v-i 






fiV. tt = 1 



] -tt K 
I -ft ' 



for any complex number ^ ^ I 



This is often referred to as Ihe^nite sum formula. 
(bj Show that if \a\ < 1, then 



1 -Of 



This is often referred to as the infinite sum formula, 
ic.) Show also if |«| < 1 > then 



> not' = 



(d) Evaluate 



< ! '«^ 



pr i- 



assuming that |h| < I. 

1.55* Using the results from Problem 1 54. evaluate each of the following sums and ex- 
press your answer in Cartesian \ rectangular) form: 

1-56* Evaluate each of the following imegrals, and express your answer in Cartesian (rect- 
angular) form: 

(a) \*t' lv,fl dt (h) \*£' m/2 dt 

(c) kV^Vi (d) \Je n ^ J,f dt 

(e) JJV 'cm>{t)dt (I) J ** 2f «inf3f)d/ " 
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Linear time -invariant systems 




2.0 INTRODUCTION 



In Section 1 6 we introduced and discussed a n umber of basic system properties. Two of 
these, linearity and time invariance, play a fundamental role in signal and system analysis 
for two major reasons. First, many physical processes possess these properties and thus 
can be modeled as linear time-invariant (LIT) systems. In addition, LTI systems can be 
analyzed in considerable detail, providing both insight into their properties and a set of 
powerful tools that form the core of signal and system analysis. 

A principal objective of this book is to develop an understanding of these proper- 
ties and tools and to provide an introduction to several of the very important applications 
in which the tools are used. In this chapter, we begin the development by deriving and 
examining a fundamental and extremely useful representation for LTI systems and by in- 
troducing an important class of these systems. 

One of the primary reasons LTI systems are amenable to analysis is that any such 
system possesses the superposition property described in Section 1 .6.6. As a consequence, 
if we can represent the input to an LTI system in terms of a linear combination of a set of 
basic signals* we can men use superposition to compute the output of the system in terms 
of its responses to these basic signals. 

As we will see in the following sections, one of the important characteristics of the 
unit impulse, both in discrete time and in continuous time, is that very general signals 
can be represented as linear combinations of delayed impulses. This fact, together with 
the properties of superposition and time invariance, will allow us to develop a complete 
characterization of any LTI system in terms of its response to a unit impulse. Such a 
representation* referred to as the convolution sum in the discrete-time case and the convo- 
lution integral in continuous time, provides considerable analytical convenience in dealing 
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with LTI systems. Following our development of the convolution sum and the convolution 
integral we use these characterizations to examine some of the other properties of LTI sys- 
tems. We then consider the class of continuous-time systems described by linear constant- 
coefficient differential equations and its discrete-time counterpart, the class of systems 
described by linear constant-coefficient difference equations. We will return to examine 
these two very important classes of systems on a number of occasions in subsequent chap- 
ters. .Finally, we will take another look at the continuous-time unit impulse function and 
a number of other signals that are closely related to it in order to provide some additional 
insight into these idealized signals and, in particular, to their use and interpretation in the 
context of analyzing LTI systems, 

2. 1 DISCRETE-TIME LTJ SYSTEMS: THE CONVOLUTION SUM 

2.1.1 The Representation of Discrete-Time Signals in Terms 
of Impulses 

The key idea in visualizing how the discrete-time unit impulse can be used to construct 
any discrete- time signal is to think of a discrete-time signal as a sequence of individual im- 
pulses. To see how this intuitive picture can be turned into a mathematical representation, 
consider the signal x\ri\ depicted in Figure 2. I(aJ, In the remaining parts of this ngnre, 
we have depicted five time-shifted, scaled unit impulse sequences, where the scaling cm 
each impulse equals the value of x[n] at the particular instant the unit sample occurs. For 
example, 



x[-l]6\n + 1J = 
-*[0]6M - 



4-1]. n - -1 

401, n = 
0, n ^ ' 



*.,«.-.] -{2* :;[. 



Therefore, the sum of the five sequences in the figure equals x[n\ for — 2 s n ^ 2. More 
generally, by including additional shifted, scaled impulses, we can write 

x\n\ = ... + *r-3]5[« + 31 + r[-2]S[« + 2] + 4-n5[n+l] + x[01SLnl f2 n 

+ *[l]S[/r- 1] + x\2]8[n-2\ + x[3]S[n - 3] + .... 

For any value of n T only one of the terms on the right-hand side of eq r (2. 1 ) is nonzero, and 
the scaling associated with that term is pr&cisely *[w]. Writing this summation in a more 
compact form, we have 

jc[n] =* J^ x[k\S[n-k]. (2.2) 

This corresponds to the representation of an arbitrary sequence as a linear combination of 
shifted unit Impulses 8[n — fr], where the weights in this linear combina[ion are *[£]. As 
an example, consider x[n] = u[n\> the unit step. In this case, since u[k] = f or k < 
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Figure 2. J Decomposition of a 
discrete-time signal into a weighted 
sum of shitted impulses. 
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and u[k] =■ I for k ^ 0, eq, (2 2) becomes 



u [n\ = 2_^8\n- kl 

which is identical to the expression we derived in Section 1A ISeeeq. (1.67).] 

Equation (22) is called the sifting property of the discrete- time unit impulse. Be- 
cause the sequence &[n - k] is nonzero only when k =■ n y the summation on the righl- 
hand side of eq. (2.2) "sifts 1 " through the sequence of values x[k] and preserves only the 
value corresponding to k = n. In the next subsection, we wilt exploit this representa- 
tion of discrete-time signals in order to develop the convolution -sum representation Fur i 
discrete-time LTI system. 

2. f ,2 The Discrete-Time Unit impulse Response arid the Convolution - 
Sum Representation of LTI Systems 

The importance of the sifting property of eqs. (2,1) and (2.2) lies in the fact that it repre- 
sents x[n] as a superposition of scaled versions of a very simple set of elementary functions, 
namely, shifted unit impulses 6[n - k], each of which is nonzero (with value i ) at a single 
point in lime specified by the corresponding value of jfc. The response of a linear system 
to x[n] will be the .superposition of the scaled responses of the system to each of these 
shifted impulses. Moreover, the property of time invariance tells us that the responses of a 
time-invariant system to the time-shifted unit impulses are simply time-shifted versions of 
one another. The convolution -sum representation for discrete-time systems that arc both 
linear and time invariant results from putting these two basic facts together. 

More specifically, consider the response of a linear (but possibly time -varying) sys- 
tem to an arbitrary input x[ny We can represent the input through eq. (2.2) as a linear 
combination of shifted unit impulses. Let h^[n\ denote the response of the linear system 
to the shifted unit impulse d[n — k]. Then, from the superposition property for a linear 
system [eqs, (1 J 23 1 and (LI 24)], the response y[n\ of the linear system to the input x[n] 
in eq. (2.2) is simply the weighted linear combination of these basic responses. That is, 
with the input x[n] to a linear system expressed in the form of eq. (2.2), the output y[/i] 
can be expressed as 

V [„] = JT jc[k]h t [n]. (2.3) 

Thus, according to eq, (2.3), if we know the response of a linear system to the set of 
shifted unit impulse*, we can construct the response to an arbitrary input An interpreta- 
tion of eq. (2,3) is illustrated in Figure 2.2 r The signal x[n) is applied as the input to a 
linear system whose responses Jt-i[«], /^[n], and h t \n\ to the signals S\n ■+ If &[ n ], and 
S[n - IJ, respectively, are depicted in Figure 2.2(b). Suite x[n] can be written as a linear 
combination of $[n +■ 1], d\tt] f sndS[n - 1], superposition allows us to write the response 
to x[n] as a. linear combination of the responses to the individual shifted impulses. The 
individual shifted and scaled impulses that constitute x[n] are illustrated on the left-hand 
side of Figure 2.2(c), white the responses tt> these component signals are pictured on the 
right-hand side. In Figure 2,2(d) we have depicted the actual input x[n], which is the sum 
of the components on the left side of Figure 2,2(c) and the actual output y[n], which, by 
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h,[n] 



-+-*■ 
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(bj 



1 » ' > * »* ' i ■ ■» 



HI 



Figure 2.2 Graphical Interpretation of the response of & discrete-time linear 
system as expressed in eq. (2.3). 



superposition, is the sum of the components on the right side of Figure 2.2(c). Thus, the 
response at time n of a linear system is simply the superposition of the responses due to 
the input value at each point in time. 

In general, of course, the responses h k [rt] need not be related to each other for differ- 
ent values of fc. However, if the linear system is also time invariant, then these responses 
to time-shifted unit impulses are all time-shifted versions of each other. Specifically, since 
S[n — t] is a time-shifted Version of fi[n] t the response h^ri] is a time-shifted version of 
hoM\ i.e., 

h k [n] = hoi* - kl (2,4) 

For notation a I convenience, we will drop the subscript on /lot") and define the unit impulse 
(sample) response 

h[n] = ho[n]. (2.5) 

That is, h[ri] is the output of die LTI system when 5[n] is the input Then for an LT1 system, 
eq« (2,3) becomes 



M«] = X *[*]*£" " *]- 



J = — ce 



a.6) 



ITiis result is referred to as the convolution sum or superposition sum T and the oper- 
ation on the right-hand side of eq. (2,6) is known as the convolution of the sequences x[n] 
and h[n]. We will represent the operation of convolution symbolically as 

y[n] - *[*]*A[wJ. (2.7) 



Sec 2.1 Discrata-Time LTl Systems; The Convolution Sum 



79 



x[ 1]B[n +11 



x[0]fi{n] 



czz^ 



1=) 



n[-1]h_,[nj 



* ■* * 




T 


* * * 


n 



*[0]h,[n] 



-+*■ 



Jo 



IU 



x!1]6[n-1] 



xl1]h,[n] 



* — «JU 



(c) 



-#-*■ 



x[nj 



y[n] 



CZC> 



-•-*■ 



' * ■ 



W 



Figure z,z Continued 



Note that eq. (2.6) expresses the response of an LTl system to an arbitrary input in 
terms of the system's response to the unit impulse. From this, we see that an LIT system 
is completely characterized by its response lo a single signal, namely, its response to the 
unit impulse. 

The interpretation of eq. (2.6) is similar to the one we gave foreq. (2.3), where, in the 
case of an LTl system, the response due to the itiput x [ k] applied at time Jt i s x[ k J ft [ n - k] ; 
i.e„ it is a shifted and scaled version (an "echo") of h[n]. As before, the actual output is 
the superposition of all these responses. 



do 
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Example 2.1 

Consider an LTI system with impulse response h[n) and input x[n], as illustrated in 
Figure 2.3(a). For this case, since only x[Q] and x{\\ are nonxenx eq. (2.6) simplifies, to 
the -expression 

y[n] = x[U\h[n - 0] + x[\]h[n - 1} = D.5h[h\ + 2k[n - 1). (2.8) 

The sequences 0, 5fc[rtl and 2A [n — 1 ] are the two echoes of the impulse response Deeded 
for the supeqpQjition involved in generating v[nj. These echoes are displayed in Fig- 
ure 2'3(b)< By bumming the two echoes for each value of n, we obtain y[n] t which is 
shown in Figure 2.3(c), 



Lll 



m 



0.5 



*[nl 



1 



0.5h[n] 



OS -.^.^.j 

. T ! T . . 



1 2 



?f * f 2n[n-1] 



1 



2,5 



D.S, 



Vlr] 



1 



FJgure 2,3 (a) The impulse response h[ri\ of an LTI system and an input 
*[n] to the system; (b) the responses or "echoes,'' 0.5ft{ff] and 2h[n - 1], to 
the nonzero values of the input, namely, ;r[0] = 0.5 arid #[1] — £ {c} the 
overafl response y[ij, which l$ tie sum of the echos In (b). 
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By considering the effect of the superposition sum on each individual output sample, 
we obtain another very useful way to visualize the calculation of y[n] using the convolution 
sum, lu particular, consider the evaluation of the output value at some specific time ft. A 
particularly convenient way of displaying this calculation graphically begins with the two 
sienais x[k] and h[n - k] viewed as functions of k. Multiplying these two functions* we 
obtain a sequence g[k] = x\k\h\n — k] r which, at each time ft, is seen to represent the 
contribution of jr[£] to the output at time n We conclude that summing all the samples 
in the sequence of p[k] yields the output value at the selected time n. Thus, to calculate 
>■[«] for all values of n requires repeating this procedure for each value ofn. Fortunately, 
changing the value ofn has a very simple graphical interpretation for the two signals .x[k] 
and h\n - k], viewed as functions of k. The following examples illustrate this and the use 
of the aforementioned viewpoint in evaluating convolution sums. 

Example 2.2 

Let us consider again (he con volution problem encountered in Example 2.L The se- 
quence x\k] h shown in Figure 2,4Va) h w.iile the sequence h\n - k~\< for si fijted and 
viewed as a function oft, is shown in Figure 2.4(b) for several different valuer of si. In 
sketching these sequences, we have used the fact that h[n — k] {viewed as j function of 
k with n fi^ed) is a time-reversed and shifted version of the impulse response h[k\. In 
particular, ai k increases, the argument n—k decreases, explaining the need to perform u 
li me reversal of h[ k] . Knowing thi s „ then in order to sketch the signal h[ n - k\ . we need 
cnty determine its value for some particular value of k. For example the argument n — k 
will equal at the value k = ft. Thus, if we sketch the signal h[- k] t we can obtain the 
signal h\tt - k\ simply by shifting to thu right <by n) if r is positive or to the left if si is 
negative. The result For our example for values of n < h n = 0, 1> 2, 3, and n > 3 are 
shown in Figure 2.4(b), 

Having sketched x\k] and fi[n — k] for anv particular value of it, we multiply 
these two signals and sum over alt values of k. For our example, for a < 0, we see from 
Figure 2.4 that jr[ft]Ji[>i - k] -=■ for all k, iince the nonzero values of i[*]and/i[n - k] 
do not overlap. Gmscquently, y[n] = for n < 0. For rt = n since the product of the 
sequence x[k] frith the sequence ft[0 — Jfc] has only one nonzero sample with the value 
0.5, wetuiteludethat 

yfOl - ^ i[k]h[0 - k] - 0,5. (2.9> 

*=■-- 

The product of the sequence x\k\ with the sequence h[l - k] has two nonzero samples, 
which may be summed to obtain 

v f n = X x[k]h[] - k] = 0.5 + 2.0 - 2.5. (2,101 

Similarly, 

W21 = ^ x[k]h[2 - k] = 0.5 ■+ 2.0 = 2.5, (2.1 1) 

and 
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Figure 2a Interpretation of eq. (2,6) for the signals b[ri[ and x[n] in Fig- 
ure 2.3; (a) the signal x[k] and (b) the signal h[n - k] {as a function of k 
with n fixed) for severer values of n (n < 0; n = 0, 1. 2, 3: n > 3). Each 
of thtse signal is obtained by reflection and stijftrnpi of the unit impulse re- 
sponse /?[*]. The response yftf] for each value of n is obtained by multiplying 
the signals x[k] arid /i[n - Ac] in (b) and (c) and then summing the products 
over all values of A The calculation for this example is carried out In detail In 
Example 2.2 



^{3] = V x[kW2 - it] = 2,0, CI 12) 

Finally, for n > 3 + the produce j[*l/t[n - k] is zero for all A, from which we conclude 
chat y\n] = for n > 3, The resulting output values agree with those obtained in Exam- 
ple 2.1. 
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Example 2.3 

Consider an input x[ti\ and a unit imculse re&ponse h[n] given by 

with < a < 1, These signals are illustrated in. Figure 2.5, Also, to help us in visualizing 
ami calculating the convolution of the signal s h in Figure 2.6" we have depicted the signal 
4*JfoUowedbyft[-jt],A[-l-Jt] 5 and/t[l-ft]{thatis,ft[n~jtHorn = 0. -l.and + 1) 
and, finally, k[n — jt] for an arbitrary positive value of n and an arbitrary negative value 
of n. From this figure, we note that for n < 0. there is no overlap between the nonzero 
points in x[k] and h[n - k]. Thus, for n < 0, *[jt]A[n - A] = for all values of k, and 
hence, from eq. (2.6), we see that y[n] = h n < 0, For n ^ 0, 






^ k ^ n 
otherwise 



*[n] = « n uLn] 



'llTlTitTut 



TTTT - 



(a) 



h[n] = u[n] 



(b) 



Figure Z.5 The signals x[p] and tt\ri] in Example 2.3. 
Tlius, for rt > T 



k = *J 



and usmg the result of Problem 1 .54 we can write this as 



y[n] = 5 a* — ™ 5 faxtt ^ 0. 

7% x ~ a 



(2.13) 



Thus, for all n. 




The signal y[n] is sketched in Figure 2.7. 
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Figure 2.7 Output for Example 2,3, 

The operation of convolution is sometimes described in terms of Gliding" the se- 
quence h[tr— k] past x[k]. For example, suppose we have evaluated y[n] for some partic- 
ular value of n, say t n — no. That is. we have sketched the signal h[n^ — fch multiplied it 
by the signal x[k], and summed the result over all values of jfc. To evaluate y[n] at the next 
value of n — i.e,, n = tin -V- 1 — we need to sketch the signal h[{n^ + I) — k] However, we 
can do this simply by taking the signal /i[n — A J and shifting it to the right by one point. 
For each successive value of « t we continue this process of shifting h[n - k) to the right 
by one point, multiplying by x\k] y and summing ihe result over £, 

Example 2.4 

As a further example, consider the two sequences 

f[n] = ( a 

and 



^ n ^ 4 
otherwise 






A[h] - 



^ n ^ 6 
otherwise 



ThesesignaJsaredepictedinFig , ui , e2.8forapositivevalueof or > L In order t» calculate 
the convolution of the two signals, it is convenient to consider five separate intervals for 
n. This is illustrated in Figure 2-9. 

Interval 1. Fur n < 0, there is no overlap between tht nonzero portions of x[k] and 
h[n - k], and consequently, y[n\ = (L 



Interval 2. For 



*r*lft[* - *1 = 



»-k 



^ k ^ n 
otherwise 



et 
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Figure 2.8 Tfle signaJs to be convolved in Example 2.4 
Thus, in this interval. 



(2,14) 



We can evaluate this sum using the finite sum formula, eq, (2.13). Specifically, changing 
the variable of surranation tn eq t (2.14) from fc to r = n - k ± we obtain 

r i ^ r 1-Q n+1 



loterval 3, For n > 4 but « - 6 s (i,e,*4 < n ^ 6), 

jcEJtlMfl - *1 = 
Thus, in this interval, 



0, otherwise 



y[n) = V ff B l . 



(2.15) 



Once again, we can use the geometric sum formula ineq. (2.13) to evaluate eq. (2.15). 
Specifically, factoring out the constant factor of a" from the summation in eq. (2,15) 
yields 



Interval 4. For n > Gbut n - 6 ^4 (i.e., For 6 < n ^ 10), 
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1 0, otherwise 
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Figure 2.9 Graphical interpretation of the convolution performed in 

ExampJe2.4. 
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so that 






We can again useeq. (2, 13) to evaluate this summation. Letting r — k — n ■+ 6, we obtain 

la r = ft" 



^—i. ^ 1 — a ■ 1 - a 



Interval 5. For n - fi > 4 t or equivalent!^ n > 10, there is do overlap between the 
nonzero portions of x[k] and h [n - k], and hence. 



tf«] - a 



Summarizing, then, we obtain 



0, 
l-a n+l 

1 - *"' 
. , a" A - v n+x 

1 - a 

1 - a ' 
0. 



n < 

< a ^ 4 

, 4 < a ^ 6 , 

6<* £ 10 
10 < /i 



which is pictured in Figure 2. 10. 



± 



yfn] 



4 6 10 n 

Figure 2. 1 Result of performing the convolution in Example 2 4, 



Example 2.5 

Consider an LTI system with input x[n] and unit impulse-response /if«] specified as 
follows; 



x[n] = 2 n H[-n], 
h[n] = u[n\ r 



(2 IS) 
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Figure 2.11 (a) The sequences x[k] and ^[n-iif] for the convolution prob- 
lem considered in Example 2.5; (b) the resulting output signal y[n] 



The rfqueiicey *[£] and A[« - k] are plotted as functions of k in Figure 2, 1 1 1 a) . Note that 
x[k) is zero for k > ant) Aln - A'] is zero for k > n. We also observe that h regardless; of 
the value of n. the sequence x[k]h[n - k] always has nonzero samples along the A -axis. 
When n ^ 0. .rlijhl n - k] has noniero samples in the interval k ^ 0. It follows that, 
for n > 0, 



>■[«] = X ^AWM - *] = X 2 " 



C2.W) 



To evaluate the infinite jum In eq. (2-19) T we may use the infinite sum formula, 

* = f fl 

Changing the variable of summation in eq r (2. J 9) from jt to r = — A, we obtain 

1 



(2.20) 



Thus, >[n] takes on a constant value of 2 for n ^ 0. 



= 2. 



1 2.21 > 
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When n < 0, x[k]k[n - k] has nonzero samples for k ^ n h It follows that h for 

y[n] = ^T **[k\h\n - k]= ^ 2*. (2.22) 

By performing a change of variable J" = — k and then tn = I + n, we can again make 
use of the infinite sum. formula eq. (2.20), to evaluate the sum in eq. (2,22), Hie result 
is the following for /i < 0: 

" M - s(0 - S6)" " - ® "s(ij" - -— ■ *»> 

The complete sequence of y[n] is sketched jn Figure 2, 1 L(b) r 

These examples illustrate the usefulness of visualizing the calculation of the con- 
volution sum graphically. Moreover, in addition to providing a useful way in which to 
calculate the response of an LIT system^ the convolution sum also provides an extremely 
useful representation for LTl systems that allows us to examine their properties in great 
detail. In particular, in Section 2.3 we will describe some of the properties of convolution 
and will also examine some of the system properties introduced in the previous chapter in 
order to see how these properties can be characterized for LTI systems. 

2,2 CONTINUOUS-TIME LTI SYSTEMS: THE CONVOLUTION INTEGRAL 

In analogy with the results derived and discussed in the preceding section, the goal of this 
section is to obtain a complete characterization of a continuous-time LTI system in terms 
of its unit impulse response. In discrete time, the key to our developing the convolution 
sum was the sifting property of the discrete-time unit impulse — that is, the mathematical 
representation of a signal as the superposition of scaled and shifted unit impulse functions. 
Intuitively, then, we can think of the discrete-time system as responding to a sequence of 
individual impulses. In continuous time, of course, we do not have a discrete sequence of 
input values. Nevertheless, as we discussed in Section 1 A 2, if we think of the unit im- 
pulse as the idealization of a pulse which is so short that its duration is inconsequential for 
any real, physical system, we can develop a representation for arbitrary continuous-time 
signals in terms of these idealized pulses with vanishingly small duration, or equivalently, 
impulses. This representation is developed in the next subsection, and, following thet, we 
will proceed very much as in Section 2.1 to develop the convolution integral representation 
for continuous-time LTI systems. 

2.2,1 The Representation of Continuous-Time Signal* in Terms 
of Impulses 

To develop the continuous-time counterpart of the discrete-time sifting property in 
eq. (2.2). we begin by considering a pulse or "staircase* 1 approximation, i(f)» to a 
continuous-time signal *(/) T as illustrated in Figure 2, 12(a). In a manner similar to that 
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Figure 2.12 Staircase approxima- 
tion to a continuous-time signal. 
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employed in the discrete-time case, this approximation can be expressed as a linear com- 
bination of delayed pulses, as illustrated in Figure 2J2{a)-(e)- If we define 

° S ' <A . (2.24, 

otherwise 

then, since Ad^(r) has unit amplitude, we have the expression 

m^ 2 tftoWia - AA)A (2.25) 

From Figure 2. 12, we see that, as in the discrete-time case [eq. (2,2)1, for any value of ; 
only one term, in the summation on the right-hand side of eq. (2.25) is nonzero 

As we lei A approach 0* the approximation x(t) becomes better and better, and in the 
limit equals jc(/). Therefore, 

xit) = lim V x(k&)6 A (r- £A)A. [2.26) 

Also, as A -** 0, the summation ineq. (2.26) approaches an integral. This can be seen by 
considering the graphical interpretation of the equation, illustrated in Figure 2. \ 3. Here, 
we have illustrated the signals x(t\ S^(t - t), and their product. We have also indicated 
a shaded region whose area approaches the area under xi^S^t -rjiuii -* Note that 
the shaded region has an area equal [o x(m&) where i — A <: mA < r. Furthermore, for 
this value of r. only the term with k = m is nonzero in the summation in eq. (2.26). and 
thus, the right-hand side of this equation also equals x{m£). Consequently, it follows from 
eq (2,26) and from the preceding argument that x{t) equals the limit as A -* of the area 
under xiT^^U ~ t). Moreover, from eq. (1 74), we know that the limit as A -* ot5i(r) 
is the unit impulse function &(t). Consequently, 



*<0 = 



-l-K. 



x{t)&U -T)dr. (2,27) 

J-* 



As in discrete time, we refer to eq r (2.27) as the sifting property of the continuous-time 
impulse. We note that r for the specific example of x(t) - u(t). eq, (2.27) becomes 



u(t) = u(r)6(t - T)dj = 



&U - r)dt, (2.28) 



since m<t) = Oforr < Oand «(r) - 1 for r > 0. Equation (2,28) b identical to eq. (1,75^ 
derived in Section 1.4.2, 

Once again* eq. (2.27) should be viewed as an idealization in the sense that, tor 
A "small enough/' the approximation, of x{r) in eq. (2.25) is essentially exact for any 
practical purpose. Equation (2,27) then simply represents an idealization of eq. (2 25) by 
taking A to be vanishingly small. Note also that we could have derived eq. (2.27) directly 
by using several of the basic properties of the unit impulse that we derived in Section 1 .4.2, 
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Figure 2 A 3 Graphical jnterpreta- 
tion of eq. (2.26). 



Specifically, as illustrated in Figure 2.14(b), the signal S{r — t) (viewed as a function of 
t with t fixed) is a unit impulse located at t = t . Thus, as shown in Figure 2.14(c), the 
signal x(j)S(t - r) (once again viewed as a function of t) equals x{t)B(r - t) [i.e, p it is a 
scaled impulse at t = / with an area equal to the vatue of x(t)]. Consequently, the integral 
of this signal from t = — « to t = +<* equals x<r); that is, 

[ Jf(T)S(f " TMT = f X(t\S{t - T)dT = X(t) \ &(t - T)dT = *tf). 



Although this derivation follows directly from Section 1.4.2, we have included the deriva- 
tion given in eqs, (2.24)-(2.27) to stress the similarities with the discrete-time case and, 
in particular* to emphasize the interpretation of eq. (2,27) as representing the signal x(t) 
as a "sum" (more precisely, an integral) of weighted, shifted impulses. 
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(a) 



&{t-T) 



(b> 



H(T)fi(t-T) = X(t)5[t"^ 



m 



(0 



Figure 2.1* (a) ArtJitrarv signal 

x(t); (b| impulse 5[t — t) as a function 
of t with f fixed; (c) product of these 
two signals. 



2.2.2 The Continuous-Time Unit Impulse Response and the 
Convolution Integral Representation of LT1 Systems 

As in the discrete-time case, the representation developed in the preceding section provides 
us with a way in which to view an arbitrary continuous -time signal as the superposition of 
scaled and shifted pulses. In particular, the approximate representation in eq. (2.25) repre- 
sents the signal x{t) as a sum of scaled and shifted versions of the basic pulse signal &&(')- 
Consequently, the response y(r) of a linear system to this signal will be the superposition 
of the responses to the scaled and shifted versions of £&{f). Specifically, let us define Jijti^r) 
as the response of an LTI system to the input &&(t ~ JtA). Then, from eq. (2.25) and the 
superposition property, for continuous-time linear systems, we see that 



$it) = JT *(jtA)^0)^ 



(2.29) 



* = -* 



The interpretation of eq. (2.29) is similar to that for eq. (2.3) in discrete time. In 
particular, consider Figure 2.15, which is the continuous-time counterpart of Figure 2.2. In 
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Figure 2- 1 5 Graphical interpreta- 
tion of the response of a continuous' 
time Linear system as expressed in 
eqs. (2.29) and <2.30). 
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Figure 2. 1500 we have depicted the input x(i) and its approximation.*^), while in Figure 
2. J 5{b)-(d), we have shown the responses t>f the system tt> three of the weighted pulses in 
the; expression for £(r). Then the output y(0 corresponding to x[t) is the superposition of 
all of these responses as indicated in Figure 2.15(e). 

Whai remains, then, is to consider what happens as A becomes vanishingl} 1 small— 
i.e., as A — * I n particular, with x{t) as expressed in eq- (2,26), i(r) becomes an increas- 
ingly good approximation to x{t) t and in fact, the two coincide as A — * 0. Constquemly, 
the response to £{t), namely y{t) in eq. (2,29), must converge to y{t) t the response to 
the art u a J input r(0, as illustrated in Figure 2 15(f). Furthermore, as we have said, foi A 
"small enough, 1 ' the duration of the pulse S±(t - £A) is of no significarice 1 in that, as far as 
the system is concerned, the response to mis pulse is essentially the same as the res-poflse 
to a unit impulse at the same point in time. That ls t since the pulse 6&(r - fcA) corresponds 
to a shifted unit impulse as A -+ 0, the response h k &{t) to this input pulse becomes the 
response to an impulse in the limit. Therefore, if we let A T (/> denote the response if lime t 
to a unit impulse S(t - t) located at time t, then 



y{t\ « Jim V Jf(*A>fHA(0A 



(2.30) 



*=-*■ 



As A — > a the summation on the right-hand side becomes an integral, as can be seen 
graphically in Figure 2. 16. Specifically, in Figure 2.16 the shaded rectangle represents one 
term in the summation tm the right-hand side of eq, (2.30) and as A -> the summation 
approaches the area under xfj)h r (t) viewed as a function of t. Therefore, 



yU) = 



X(T)h T (t)dT. 



(2.31) 



The interpretation of eq. (2 r 31) is analogous to the one for eq. (2,29). As we showed 
in Section 2.2.1, any input x{t) can be represented as 



xO) = x(r)S{t - T)dr, 



xtfMt) 




(k+t}A 



Fkjure 2.1 6 Graphical illustration 
of &qs (2.30) and (2 31). 
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That is + we can intuitively think of x(t) as a "sum" of weighted shifted impulses, where 
the weight on the impulse $(t — r) is x{r)dT. With this interpretation, eq. (2,3 1 ) represents 
the superposition of the responses to each of these inputs, and by linearity, the weight 
en the response Ji T {f) to the shifted impulse S(t — t) is also x(r)dT. 

Equation (2.31) represents the general form of the response of a linear system in 
continuous iime r Tf, in addition to being linear, the system is also time invariant, then 
A -(f) = h^U — r): i.e., the response of an LTI system to the unit impulse fi(r — t) + which 
is shifted by t seconds from the origin, is a similarly shifted version of the response to the 
unit impulse function S(t), Again, for nototional convenience, we wil* drop the subscript 
and define the unit impulse response h(f) as 

k(t) = ^>(r); (2.32) 

i.e., hit) is the response to &(t). In this case, eq (2.31) becomes 



y(r) = x(r)h(t - tWt 



(2.33) 



Equation (233), referred to as the convolution integral or the superposition integral, 
\b the continuous- time counterpart of the convolution sum of eq, (2.6) and corresponds 
to the representation of a continuous -time LTI system in terras of its response to a unit 
impulse. The convolution of two signals x(t) and A(i) will be represented symbolically as 

y(r) - x(t)*h{t). (2.34) 

While we have chosen to use the same symbol * to denote beth discrete-time and 
continuous-time convolution, the context will generally be sufficient to distinguish the 
two cases. 

As in discrete time* we see thai a continuous-time LTI system is completely char- 
acterized by its impulse response— i.e., by its response to a single elementary signal, the 
unit impulse 5(r) r In the next section, we explore the implications of this as we examine 
a number of the properties of convolution and of LTI systems in both continuous time and 
discrete time. 

The procedure for evaluating the convolution integral is quite similar to that ft>r its 
discrete-time counterpart, the convolution sum. Specifically, in eq, (2.33) we see that, for 
any value of r, the output y(i) is a weighted integral of the input, where the weight on 
\(t) is h{t — t). To evaluate this integral for a specific value of u we first obtain the signal 
h{i — r) (regarded as a function ofr with / fixed) iron} A(t) by a reflection about the origin 
and a shift to the right by t if t > or a shift to the left by \t\ for t < 0, We next multiply 
together the signals *|t) and h{t - t\ and y(r) is obtained by integrating the resulting 
product from t = -»tor= +™ To illustrate the evaluation of the convolution integral, 
let us consider several example&H 
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Example 2*6 

Let xU) be the input lo an LTI system with unit impulse response fr(0> where 

and 

MO = uit). 

In Figure 2.17, we have depicted the functions hit), jt(t), and hit - r'l for a negative 
value oH and for a positive value of r. From this figure, we see that for r < 0, the product 
of jt(t) and h(t - t) ]& zero, and consequently, _y(0 is zero. For f > 0. 
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Ffgure 2. 1 7 Calculation of the convolution integral for Example 2.6 
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From this expression, we can compute y(i) for t > 0: 



><0 = 






= -(1 - *-'). 
a 



Thus, for all /, ?(t) is 



^ - -O -c« r )u{t) r 



which is shown in Figure 2.18, 







Figure 2*16 Response of the system in Example 2.6 with impulse re- 
sponse h{t) = t/{t} to the input x{t) — $ ^fJ{t) 



Example 2.7 

Consider the convolution af the following tw-o signals: 

x{S) = 



I, 
0. 



0<r < T 
otherwise 



hit) = 



< t < IT 
otherwise 



As in Example 2.4 for discrete-time convolution, it is convenient to consider the evalu- 
ation of v(0 in separate intervals. In Figure 2.19+ we have sketched j{t) and have illus- 
trated h{t—T )in each of the intervals of jnterest- Fox f < and for/ > 3T, x(r)h{t—T} = 
for all values of t, and consequently, y(t} = r For the other intervals, the product 
r{r)A(( — t) u as indicated in Figure 2.20- Thtffc. for these three intervals, the integration 
can be- carried out graphically, with the result that 



0, 



i <0 

o < / < r 

\{l) - ^ ft - \?^ r T < t < 2T 

- kt 2 +T1+ \T 1 I 27 <r < 37 

a 37 ■ < t 

which is depicted in figure 2,2 1, 
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Figure z. f 9 Signals a[t} and h(t - t) for different values of f for 

Example 2.7 
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Figure 2,20 Product x(T)fl(f - t) for Example £7 for the three ranges of 
values d t for which ttiis product is not identically zero (Sea Figure 2 19] 
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T 2T 3T t 

Flgur* 2. 21 Signal y(t) = x{t}*tl[t) tor Example 2.7. 



Example 2.8 

Let y{*) denote the convolution of the following two signals 

A(r] = u{t - 3J, 



(2.35) 



The signals jc(t) and k(r — t) are plotted as functions of r in Figure 2.22(i)- We first 
observe that these two signals have regions of nonzero overlap, regardless of the value 
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Figure 2,22 The convolution problem considered in Example 2,8. 



of*. When t — I ^ 0, the product of j(t> and h(t — t) is nonzero For —& < t < t - 3, 
and the convolution integral becomes 



r 3 



Xn= [ ' * lT di = ± «-*'-*. 



[2.V) 



For*— 3 5: Q t the product x(r)h{r—T) is nonzero for -» < t < H so that the convolution 
integral is 



Kfl = [ e 2l dr = I. 



(2-38) 



The resulting signal y(f) is plotted in Figure 2.22(b). 



As these examples and those presented in Section 2.1 illustrate, the graphical in- 
terpretation of continuous-time and discrete-time convolution is of considerable value in 
visualizing the evaluation of convolution integrals and sums. 



H, 




y[n] = V x&Wn 


- k] = x[n] * h[n\ 


k= -^ 




y(t) = f ' jc(j)h(t - 


r)dT - x{t)*h(r) 
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2.3 PROPERTIES OF LINEAR TIME-fNVARlAFHfT SYSTEMS 

In the preceding two sections, we developed the extremely important representations 
of continuous-time and discrete-time LT1 systems in terms of their unit impulse re- 
sponses. In discrete time the representation lakes the form of the convolution sum. while 
its continuous- time counterpart is the convolution integral, both of which we repeat here 
for convenience: 



(2.39) 

(2.40) 



As we have pointed out, one consequence of these representations is thai the charac- 
teristics of an LTI system are completely determined by its impulse response. It is impor- 
tant to emphasize that this property holds in general only for LTI systems. In particular, as 
illustrated in the following example, the unit impulse response of a nonlinear system does 
not completely characterize the behavior of the system. 

Example 2.9 

Consider a discrete-rime system with unit impulse response 

[ 0, otherwise 

lithe system is LTI, then eq. (2.41) completely determines its input-output behavior. In 
particular, by substituting eq. (2 41) into the convolution sum T eq. (2.39), we find the 
following explicit equation describing how the input and output of this LTI system are 
related: 

y[n] = *[*!] + *[«- 1]. (2.42) 

On the other hand, ttiere tire many uonhnear systems with the same response — i.e., (hat 
given iaeq. (2.41)— -to theiuputS[n]. For example, both of the following syslems have 
this property: 

y[n] = (x\n] + *\n-\]) 2 , 
y[n] = m&x(x[nU x[n - 1]). 

Consequently, if the system is nonlinear it is not completely characterized by the unpU&e 
response in eq. (2.41), 

The preceding example illustrates the fact that LTI systems have a number of prop- 
erties not possessed by other systems, beginning with the very special representations that 
they havein terms of convolution sums and integrals. In the remainder of this section, we 
explore some of the most basic and important of these properties. 
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2-3.1 The Commutative Property 

A basic property of convolution in both continuous and discrete time is that it is a commu- 
tative operation. That is. in discrete time 

x[n]*h[n] = k[n\*x[n] = ^ h[k\x[n - k], (2,43") 



and in continuous time 

x(r\ * Mi) = h[t) * x(r) = 



h(r)x{t - T)dT. (2.44) 



These expressions can be verified in a straightforward manner by means of a substitution 
of variables in eqs. (2.39) and (2.40). Fur example, in the discrete-time case, if we let 
r =■ n - k or, equivalemly, k = n - r f eq. (2.39) becomes 

x[n) * h[n] = ^ x[k]h[n - k] = ^ x[n - r]h[r] - h[n] * x[n]. (2.45) 

With this substitution of variables, the roics of x[n\ and /t[rc] are interchanged. According 
iv eq L (2.45), the output of an LT1 system with input x[n] and unit impulse response h[n] 
is identical to the output of an LTI system with input h[n] and unit impulse response x[n] 
Fjr example, we could have calculated the convolution in Example 2A by first reflecting 
and shifting x[k] t then multiplying the signals x[n — k] and h[k] T and finally summing the 
products for all values ofJfc. 

Similarly, eq. (2.44) can be verified by a change of variables, and the implications of 
this result in continuous time are ihe same: The output of an LTI system with input x{t) and 
unit impulse response h{t) is identical u> the output of an LTI system with input h{t) and 
unit impulse resporse x(i). Thus, wecould have calculated the convolution in Example 2.7 
by reflecting and shifting x(t)> multiplying the signals x{i - r) and h(r\ and integrating 
over -» < t < +«. In specific cases, one of the two forms for computing convolutions 
[i e.> eq r (2.39) or (2.43) in discreee time and eq, <2.4Q) or (2.44) in continuous time] may 
-be easier to visualize, but both forms always result in the same answer, 

23.2 The Distributive Property 

Another basic property of con volution is the distributive property. Specific ally, convolution 
distributes over addition, so that in discrete time 

*[n]*(fc][rtl+ ft 2 [n]) = xLnl*ftt[n] 4 \[ri\ * h 2 [n] r (2.46) 

and in continuous time 

x(t}*\h ] (t\ + h 2 (t)] = x(T)*h&) + x(t)*h2(t). (2,47 1 

This property can be verified in a straightforward manner. 
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The distributive property has a useful interpretation in terms of system interconnec- 
tions. Consider two continuous- time LTI systems in parallel, as indicated in Figure 2.23(a). 
The systems shuwn in the block diagram are LTI systems with the indicated unit impulse 
responses. This pictorial representation is a particularly convenient way in which to denote 
LTI systems in block diagrams, and it also reemphasizes the fact that the impulse response 
of an LTI system completely characterizes its behavior. 

The two systems, with impulse responses hi(t) and Aa(f) f have identical inputs, and 
their outputs are added. Since 



and 



yt(f\ = xfj) */i|(r) 



V2(0 = x(t) * fti(J), 



the system of Figure 2.23(a) has output 



y{r) = *(f)*ft](0+ rtt)*h 2 (t), 



(2.48) 



corresponding to Lhe right-hand side of eq, (2.47). The system of Figure 2,23(b)has output 



y(n = .*{:)* [/i](f) + h 2 (r)l 



(2.49) 



corresponding to the left-hand side of eq. (2.47). Applying eq. (2.47) to cq. (2.49) and 
comparing the result with eq, (2,48), we see that the systems in Figures 2.23(a) and (b) 
are identical. 

There is an identical interpretation in discrete time, in which each of the signals 
in Figure 2.23 ik replaced by a discrete-time counterpart (i.e., x(T), hi{t), tt2U\ yi(t\ 
v;(r). arid v(f) arc replaced by _rj>], A|[nJ, ft 2 L«J. Vi[«l, yz[n], and yfn], respectively). In 
summary, then, by virtue ot the distributive property of convolution, a parallel combina- 
tion of LTI systems can he replaced by a single LTI system whose unit impulse response 
is the sum of the individual unit impulse responses in the parallel combination. 
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Also, as a consequence of both the commutative and distributive properties, we have 
\x\Ln\ -+- -\ 2 [n]]*h[n] = M\n]* h[rt\ + x 2 [n] * h[n\ (2.50) 



and 



Ui(0 + x 2 {i)]*hij) = jt,(/)* k\t) + .i z {t)*h{t\ (2.51) 

which simply state that the response of an LTI astern to the sum of two inputs must equal 
the sum of the responses to these signals individually. 

As illustrated in the next exartiple, the distributive property of convolution tan also 
be exploited to break a complicated convolution into several simpler ones. 

Example 2. 10 



Let y[n] denote the ccrtvulunon of the following (wo sequences. 1 



(2. 51) 



Note that the sequence x[n\ i\ nonzero nilong the entire time axiv r Dirca evalu&Hon t*f 
such a ^involution is jsomewhat tedious. Instead, we maj use the distributive property to 
express y\ri\ as the sum of the results of two simpler enn volution, prflblemj. In particular, 
ifwcltf iti[jij = (\/2}"u{n}aud x>[n] - 2" »[-rt], it follows that 

yU] - UiM + x-An])*h[nl (2.54) 

Losing the distributive property of <.onvolntion 1 we may rewrite eq r (2. .54) as 

>I"J -- >'iL"J + >'jLi], (2.55) 

where 

Vlfn] = jc t ln]*k[n] {2.5b) 

iind 

>'2inl = J,[ji]*ftlfll- (2.57) 

The convolution in eq. t2.5G) fur Y|[«J can be obtained from Example 2.3 (with ft = 
1/2). while yi[n\ was evaluated in Example 2 r *. Their bUtn is y|nj. which is shown in 
Figure 2.24. 



1 5 



.^il 



*" 1 f 



-3-2-1 1 234567 n 

Figure 2.24 The Signal y[n\ - x[n] * h[n\ for Example 2.10. 
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2.3.3 The Associative Property 

Another important and useful property of convolution is that it is associative. Thai is. in 
discrete time 

x\n]*{tii[n\*h2[n]) = {x\n} * ft,[n]) *h 2 \n\ (2.58) 

and in continuous time 

;t(f)*[A|{/)*M')J = U(0*AtlOJ*M')- <-59> 

This property is proven by straightforward manipulations of the summations and integrals 
involved. Examples verifying it are given in Problem 2.43, 

As a consequence of the associative property the expressions 

y\n\ = x\n] * h t [n] * h 2 [n\ (2,60) 

and 

y(*> - Jc(0*Ai (0**2(0 (2.61) 

are unambiguous. That is, according to eqs. (2.58) and (2.59), it does not matter m which 
order we convolve these signals. 

An interpretation of the associative property is illustrated for discrete-time systems 
in Figures 2.25(a) and (b). In Figure 225(a), 

y[n] — v*[n\ * Jiilri] 



Jn Figure 2.25(b), 



y[rt] - jc{n] * h[n] 

= x[n\*(h x [n]*h 2 [n]). 



According to the associative property, the series interconnection of the two systems in 
Figure 2.25(a) is equivalent to the single system in Figure 2,25(b), This can be general iized 
to an arbitrary number of LIT systems in cascade, and the analogous interpretation and 
conclusion also hold in continuous time* 

By using the commutative property together with the associative property, we find 
another very important property of LTf systems. Specifically, from Figures 2, 25 (a) and 
£b) s we can conclude that the impulse response of the cascade of two LTI systems is the 
convolution of their individual impulse responses. Since convolution is commutative, we 
can compute this convolution of /i[[h] and/^fn] in either order. Thus. Figures 2.25(b) and 
(c) are equivalent, and from the associative property, these are in turn equivalent to the 
system of Figure 2,25[d), which we note is a cascade combination of two systems^ in 
Figure 2.25(a), but with the order af the cascade reversed. Consequently, the unit impulse 
response of a cascade of two LIT systems does not depend on the order in which they are 
cascaded. In fact, this holds for an arbitrary number of LTI systems in cascade: The order 
in which they are cascaded does not matter as far as the overall system impulse response 
is concerned. The same conclusions hold in continuous time as well. 
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Figure 2.2S Associadve property of 
convolution and tiie implication of this 
and the commutative property for the 
series interconnection of LTI systems. 



U is important to emphasize that the behavior of LTI systems in cascade — and, in 
particular, the fact that the overall system response does not depend upon the order of the 
systems in the capcade^-is very special to such systems. In contrast* the order In which 
nonlinear systems are cascaded cannot be changed, in general, without changing the over- 
all response. For instance, if we have two memoryless systems, one being multiplication 
hy 2 and the other squaring the input, then if we multiply first and square second, we obtain 

y[n] = 4j 2 [fl] r 

However, if we multiply by 2 after squaring, we have 

y|>] =- 2^[nl 

Thus, being able to interchange the order of systems in a cascade is a characteristic par- 
ticular to LTI systems. In fact, as shown in Problem 2.51, we need both linearity and time 
in variance in order for this property to be true in general. 



2.3,4 LTI Systems with and without Memory 

As specified in Section 1 .6,1, a system ii memoryless if its output at any time depends 
only on the value of the input at that same time. From eq, (2.39), we see that the only 
waymatthiscanberjueforadiscrete'timeLTIsystemisif h[n\ = G for it ^ 0, In this case 
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the impulse response has the form 

k[n] = KS[nl (2,62) 

where K - h[U] is a constant, and the convolution sum reduces to the relation 

y[n] - Kx[n}. [2.63) 

If a discrete-time LTI system, has an. impulse response h[n] that is not identically zero for 
n ^ Q, then the system has memory. An example of an LTI system with memory is the 
system given by eq. (2.42). The impulse response for this system, given in eq. (2 41), is 
nonzero for n = 1 . 

From eq. (2.40), we can deduce similar properties for continuous- time LTI systems 
with and without memory. In particular, a continuous-time LTI system U memoryless if 
h{t) = for t * 0, and such a memoryless LTI system has the form 

v(0 = Kx{t) (2.64) 

for some constant K and has the impulse response 

h{t) - KS{t). (2.65) 

_Note that if AT = 1 in eqs. (2.62) and (2.65), then these systems become identity 
systems, with output equal to the inpul and with unit impulse response equal tD the unit 
impulse. In this case, the convolution sum and integral formulas imply that 

x\ri\ = x]n] * SI«] 

and 

x{i) = *(!)*filf). 

which reduce to the sifting properties of the discrete-time and continuous-time unit im- 
pulses: 

-t-a: 

*M = ^ x\k]S[n ~ k] 

ft- -to 

x(T) = f x(r)$(t - r)dr. 

2,3.5 Inverti bility of LT7 Systems 

Consider a, contiguous-time LTI system with impulse response h{t\ Eased on the discus- 
sion in Section L6.2. this system is invertible only if an inverse system exists that, when 
connected in series with the original system, produces an output equal to ihe input to the 
first system. Furthermore, if an LTI system is invertible, then it has an LTI inverse. (See 
Problem 2.50.) Therefore, toe have the picture shown in Figure 2.26. We are given a sys- 
tem with impulse response h(t). The inverse system, with impulse response h[(t) T results 
in w(T) = x{t) — such that the series interconnection in Figure 2.26(a) is identical to the 
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Figure Z.26 Concept Of an inverse 
system for continuous-time LTI sys- 
tems. The system with impulse re- 
sponse fjy[t) is the inverse of tte 
system with impulse response fi{t} il 



identity system in Figure 2.26(b), Since the overall impulse response in Figure 2.26(a) is 
k(0* h\{t),ViC have the condition that k^(t) must satisfy for it to be the impulse response 
of the inverse system, namely. 



ACO* MO = 5(0- 



(2.661 



Similarly, in discrete time, the impulse response h t [n] of the inverse system for an LTI 
system with impulse response h[n] must satisfy 



h[n]*hi[n] = d[nl 



(2.671 



The following two examples illustrate invertibility and the construction of an inverse 
system. 

Example 2, 1 1 

Consider the LTi system consisting of a pure time shift 



y(0 = x(/ - to). 



(2.6S) 



Such a system is a delay if fa > and an advance if ft < t). For example, if f > 0, then 
the output at time i equals the value of the inpu; at theearliei time i - t . If ft - 0, the 
system in eq. (2.68) \& the idgnlity sy&tem and thus is jnemoryless. For any other value 
of ffl, this system has memory, ab it responds to the value of the mpul at a time other than 
the current time. 

The impulse response for the system can be obtained from eq. (2.6&) by taking the 
input equal to 6(0, i.e.. 



Therefore. 



h{i) = 5(r - ft). 



x{t - fo) = x{t) * B(r - j ) r 



(2.69) 



(2.70) 



That is, the convolutioD of a signal with a shifted impulse simply shifts the signal. 

To recover the input from the output, i.e., t« invert the system, all that is required is 
to shift the output back. The system with this compensating time shift is then the inverse 
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system. That is. )f we Lake 

MO = £{t + s a ) t 
then 

A(0*AilO = &(t-h)*8(r + ro)- fi(f). 

Similarly, a pure time shift in discrete lime has the unit impulse response &[n - nol, 
so that convolving a signal wkh a shifted impulse is the same as shifting the signal. 
Furthermore, the inverse of the LTl system with impulse response &[n — jihJ is the LT1 
system that shifts the signal in the opposite direction by ttie same amount — i.e , the LTl 
system with impulse response 6[n + no]. 

Exampfe2.T2 

Consider an LTl system with impulse response 

h[n\ = uE«l (2.71) 

Using the convolution sum, we can calculate the respond of this system to an arbitrary 
input: 

vM = X *lkMn ~ kl (2.72) 

t= — K 

Since u[n - k] is for t\ - k < and I for n - k s 0. eq. (2.72) becames 

>frt] - V *[*]. (2.73) 

That is, this system* which we first encountered in Section 1,6.1 [see eq. (1.92)1. is a 
summer or accumulator that computes the running sum of alt the values of the input 
up to the present time, A& we saw in Section L6,2. such a system is invertible, and its 
inverse, as given hy eq r (L99), i* 

y[n] = x[n]- x[n- I], (2,74) 

which is simply njirst difference operation. Choosing x[n] = d[n], we find that the 
impulse response of the inverse system is 

ftilnl = 8[n] - B[n- I]. (2.75) 

As a check that h[ri) in eq. (2.71) and h^[n) in eq. (2,75) are indeed the impulse re- 
sponses of LTl systems that arc inverses of each other, we can verify eq. (2.67) hy direct 
calculation: 

h[n]*hi\n\ = u[n\*{S[n]-S[n - 1]} 

- u[n] * S[n) - u[n] *8[n - 1] .^ 

= u[n] — u[n — 11 
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23.6 Causality for LTI Systems 

\x\ Section 1 6.3, we introduced the property of causality: The output of a causal system 
depends only on the present and past values of the input to the system. By using the con- 
volution sum and integral* we can relate this property to a corresponding property of the 
impulse response of an LTI system. Specifically, in order for a discrete-time LIT system ro 
be causal, y[rt\ must not depend on x[k] for k > n. From eq, ^2.39), we see that for this in 
be true, al I of the cue ffi ci en tsh[n — k] that multi ply values of x[ k] for Jt > n mu st be zero . 
This then requires that the impulse response of a causal discrete-time LTI system satisfy 
the condition 

h[n] - far n < 0. (2.77) 

According to eq. (277), the impulse response of a causal LTI system must be zero before 
the impulse occurs, which is consistent with the intuitive concept of causality. More gener- 
ally, as shown in Problem 1 .44^ causality for a linear system is equivalent to the condition 
of initial rest. i,e,, if the input to a causal system is up to some point in time, then the 
output must also he up to that time. It is important to emphasize that the equivalence 
of causality and the condition of initial rest applies only to linear systems. For example, 
as discussed in Section 1.6.6* the system y[n] = 2xn] +- 3 is not linear. However, it is 
causal and, in fact, memrjryless. On the other hand, if x[n\ — 0, y[n\ - 5 ^ 0, so it does 
not satisfy the condition of initial rest. 

For a causal discrete- time LTI system, the condition in eq. (2.77) implies that the 
convolution fjiim representation in eq. (2.39) becomes 

n 

>'[«] = y x[k]h\n - kl (2.78) 



and the alternative equivalent form, cq. (2,43), becomes 

yW = ^M*M« - k]. (2.79-) 

Similarly, a continuous- lime LTI system is causal if 

h{t) = for* <0, (2 SO) 

and in this case the convolution integral is given by 



/: 



y{t) = x(r)h{t - t)dr = 



h(T)x(t - r)dT. (2.81 i 





Both the accumulator {h{n\ = u[n[)and its inverse (h [n] - S[n, - &[n - 11), de- 
scribed in Example 2 J 2 t satisfy eq. (2.77) and therefore are causal The pure time shift 
with impulse respon se h(t) = £(r — r ) is causal for f ^ (when the tirre shift is a delay "i, 
but ik noncau&al for t < (in which case the time shift is an advance, so that the output 
anticipates future values af the input!. 



Sec. 2.3 Properties of Linear Time-lnva riant Systems 1 1 3 

Finally, while causality is a property of systems, it is common terminology to refer to 
a signal as being causal if it is zero for n < or / < 0. The motivation for this terminology 
comes from eqs. (2.77) and (2 r 80) - Causality of an LTI system is equivalent to its impulse 
response being a causal signal, 

2.3.7 Stability far LTI Systems 

Recall from Section 1.6.4 chat a system is stable if every bounded input produces a 
bounded output. In order to determine conditions under which LTI systems are stable, 
consider an input x[h] that is bounded in magnitude: 

x[n]\<-B for all n. (2.82) 

Suppose that we apply this input to an LTI system with unit impulse response h[n]. Then, 
using the convolution sum, we obtain an expression for the magnitude of the output: 



|>M| - 



JT h[k]x[n ~ ft] 



):=-■ 



(2.33) 



Since the magnitude of the sum of a set of numbers is no larger than the sum of the mag- 
nitudes of the numbers, it follows from eq, (2 83} that 

l?M s ^ \h[k]\\x[ n - k\\. (2,34) 

From eq r (2,82), \x[n - k]\ < B for all values of k and n. Together with eq, (2.84) T this 
implies that 

-t-DO 

\y[n}\ < B ]T \h[k]\ for all n. (2.85) 

From eq . ( 2 .85 ) , we can conclude that if the impulse response is absolutely summable , 
that is, if 

+■* 

A- -» 

then y[n] is bounded in magnitude, and hence, the system is stable. Therefore, eq. (2.86) is 
a sufficient condition to guarantee the stability of a discrete-time LTI system In fact, this 
condition is also a necessary condition, since, as shown in Problem 2.49, if eq. (2.86) is 
not satisfied, there are bounded inputs that result in unbounded outputs. Thus, the stability 
of a discrete-time LTI system is completely equivalent to eq. (2.86). 

In continuous time, we obtain an analogous characterization of stability in terms of 
the impulse response of an LTI system. Specifically, if \x{t)\ < B for all r, then, in analogy 
with cqs, (2.83M2.85), it follows that 
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if ±M 
h(T)x(t - TtfT 

^ J \h(T)\\x{t - T)|rfr 

Therefore, the system is stable if the impulse response is absolutely integrabte^ i.e., if 

\h{T}\d<r < <*. (2.87) 



As in discrete time, if «q. (2,87) is not satisfied, there are bounded inputs that produce 
unbounded outputs, therefore, the stabiLity of a continuous-lime LIT system is equivalent 
to eq. (2,87), The use of eqs (2.8£) and (2.87) to test for stability is illustrated in the next 
two examples. 

Example 2.T3 

Consider a system th-at is a pure tune shift in cither continuous time or discrete time 
Then, in discrete time 

^ \h\j$\ - V Iflln - rig] | - 1, (2.8S) 

while in continuous time 

| ' * A<T)|dT - | ' r \S(r - tuidr = I, (2 89) 

and we conclude that both of these systems are stable. This should nut be surprising, 
since if a signal is bounded in magnitude, so is any time-shifted version of that signal. 

Now consider the accumulator described jn Example 2.12. As we discussed in 
Section 1 .6.4, thii is an unstable system, since, ]f we apply a constant input to an accu- 
mulator, the output grows without bound. That this system is unstable can also he seen 
from the fact that its impulse response u[ti] is not absolutely summahle' 

n = — t- „ - ft 

Similarly, consider the integrator, the continuous- time counterpart of the accumu- 
lator 

></> = f j(tWt. {2.m) 

This is an unstable system for precisely the same reason as that given for the accumula- 
tor, i.e., a constant ijiput givrs ri&e to an output lhat giows without bound The impulse 
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respoose for the integrator can be found by Letting xtt) = 8(t). in which case 

Wr) = 






and 



J -^ Jo 

Since the impulse response is not absolutely integrate, the system is not stable. 

2.3.8 The Unit Step Response of an LTI System 

Up to now, we have seen that the representation of an LTI system in terms of its unit 
impulse response allows us to obtain very explicit characterizations of system properties. 
Specifically, since h[n] or h(t) completely determines the behavior of an LTI system, we 
have been able to relate system properties such as stability and causality to properties of 
the impulse response. 

TTiere is another signal that is also used quite often in describing the behavior of 
LTI systems: the unit step response, ${n] or $(t) t corresponding to the output when x[n] = 
u[n] or jtft) =* w(f) F We will find it useful on occasion to refer to the step response* and 
therefore, it is worthwhile relating it to the impulse response. From the convolution -sum 
representation, the step response of a discrete-time LTI system is the convolution of the 
unit step with the impulse response; that is, 

s[n] = u[n]*h{n]. 

However, by the commutative property of convolution s-[n] — h[n] * u[n], and therefore, 
s[n] can be viewed as the response to the input h\n] of a discrete-time LTI system with 
unit impulse response u[n]. As we have seen in Example 2.12, u[n] is the unit impulse 
response of the accumulator. Therefore, 

jM = ]T h[kl (2.91) 

ft--- 

From this equation and from Example 2 12, it is clear that h[n] can be recovered from s[n] 
using the relation 

h[n] = s[n]-s[n- 1], (2.92) 

That is, the step response of a discrete-tune LTI system Is the running sum of its impulse 
response [eq. (2.91)]. Cotwarsely, the impolse response of a discrete-time LTI system is 
the first difference of its step response [eq. (2,92)], 

Similarly, in continuous time, the step response of an LTI system with impulse re- 
sponse h(t) is given by s(t) = u(t) * h[t) T which also equals the response of an integra- 
tor [with impulse response w(r)J to the input h(t). That is T the unit step response of a 
continuous-time LTI system is the running integral of its impulse response, or 



i 



s(t) = h(r}dr. (2.93) 
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and from eq, (2.93), the unit impulse response is the first derivative of the unit step re- 
s.poitte v L or 

m = - s -^- = s\r). (2.94) 

at 

Therefore, in both continuous and discrete lime, the unit step response can also he used tu 
characterize an LTI system, since we can calculate the unit impulse response from it. In 
Problem 2.45, expressions analogous to the convolution sum and cotivolutioQ integral are 
derived for the representations of an LTI system in terms of its unit step response. 



2.4 CAUSAL LTI SYSTEMS DESCRIBED BY DIFFERENCIAL 
AND DIFFERENCE EQUATIONS 

An extremely important class of continue .us -time systems is thai for which [he input and 
output are related through a linear constant-coefficient differential equation Equations of 
this type arise in the description of a wide variety of systems and physical phenomena. For 
example* as we illustrated in Chapter 1 , the response of the RC circuit in Figure 1 , 1 and 
the motion or a vehicle subject to acceleration inputs and fnctional forces, as depicted in 
Figure 1,2, can both be described through linear constant-coefficient differential equations. 
Similar differential equations arise in the description of mechanical systems containing 
restoring and damping forces, in the kinetics of chemical reactions, and in many other 
contexts as veil. 

Correspondingly, an. important class of discrete-time systems is that for which the in- 
put and output are related through, a linear constant-coefficient difference equation. Equa- 
tions of this type are used to describe the sequential behavior of many different processes. 
For instance, in Example 1.10 we saw how difference equations arise in describtng the 
accumulation of savings in a bank account, and in Example 111 we saw how they tan 
be used to describe a digital simulation of a continuous -time system described by a dif- 
ferential equation. Difference equations also arise qmte frequently in the specification of 
discrete-time systems designed to perform particular operations on the input signal F<ir 
example, the system that calculates the difference between successive input values, as in 
eq, (1.99), and the system described by eq. ( 1 .104) that computes the average value of the 
input over an interval are described by difference equations. 

Throughout this book, there will be many occasions in which we will consider and 
examine systems described by linear constant-coefficient differential and difference equa- 
tions. In this section we take a first look at these systems to introduce some of the basic 
ideas involved in solving differential and difference equations and to uncover and explore 
some of the properties of systems described by such, equations. Jn subsequent chapters, we 
develop additional tools for the analysis of signals and systems that will add considerably 
btith to our ability to analyze systems described by such equations and to our understanding 
ol their characteristics and behavior. 

'Throughout thi&bwk F wtwU use both lhc nolatHMK indicated in sq. d.M} to- denote jii^i derivatives 
AiuiJngoie notation v^'ilLako be used for higher den ■miives. 
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2.4.1 Unea r Con stant-Coeffi cient Differentia J Eq nation* 

To introduce some of the important ideas concerning systems specified by linear constant- 
coefficient differential equations, let uscon&irtac a first-order differential equation as in eq. 
(1.85), viz T 

-jp- + 2y(0 - x(r), (2.95) 

where y(o denotes the output of the system and jr(r) is the input. For example, comparing 
eq, (2,95) to the differential equation (1,84) for the velocity of a vehicle subject to applied 
and fractional forces, we see that eq. (2.95) would correspond exactly to this system if 
y(t) were identified with the vehicle's velocity v(r), if jeO) were taken as the applied force 
/(/)* an d if the parameters in eq. (1.84) were normalized m unite such that blm = 2 and 
1/m = I. 

A very important point about differential equations such as eq (2.95) is that they 
provide an implicit specification of the system. That is, they describe a relationship be- 
tween the input and the output, rather than an explicit expression for the system output 
as a function of the input. In order to obtain an explicit expression, we must solve the 
differentia] equation. To find a solution, we need more information than that provided by 
the differential equation alone. Fur example, to determine the speed of an automobile at 
the end of a 10-second interval when it has been subjected to a constant acceleration of 
I m/scc 2 for 10 seconds, we would also need to know how fasi the vehicle was moving at 
the jfczrr of the interval. Similarly, if we are told that a constant source voltage of 1 volt is 
applied to the RC circuit in Figure 1.1 for 10 seconds, we cannot determine what trie ca- 
pacitor voltage is at the end of that interval without also knowing what the initial capacitor 
voltage is. 

More generally, to solve a differential equation, we must specify one or more auxil- 
iary conditions, and once these are specified, we can then, in principle, obtain an explicit 
expression for the output in termsof the input. Tn other words, a differential equation such 
as eq. (2. 95) describes a constraint between the input and the output of a system, but to 
characterize the system completely, we must also specify auxiliary conditions. Different 
choices for these auxiliary conditions then lead to different relationships between the in- 
put and the- output. Per the most part, in this book we will focus on the use of differentia] 
equations to describe causal LTI systems, and for such systems the auxiliary conditions 
take a particular, simple form. To illustrate this and to uncover some of the basic properties 
of the solutions to differential equation let us take a look at the solution of eq. (2.95) for 
a specific input %ignal x{t). 2 

-Our dihCUSSLun of the soLuiion of ,inear consrant-t.<x;fhctent differential equations ts brief since ■*= ai- 
^Uinechat the reader has some lam]lianty ^iththis-matejiat For review, we recommend a text on the solution af 
ordinary differential equations, such as Ordinary fotffereatuil Equations (3rd ect-) P by G RirkhuiTafld fJ.-C. R.oia 
(Ncv, York John Wiley artJ Sons, 197K), or Elementary FhjjfetefltULl Equations (3rd cd >, by WE Boyce and 
R C ChPnma (New York: John Wiley and Soiii, 1977). There ire also numerous tests that diaeuts diflereniial 
equations m the context of circuit theory See, for example. Btatc Cirtml Theory, b; L.O. Oiua, C.A. Jicsoer, 
and E.S Kut (New York' McGraw-Hill Book Company, 1 987 J M metlhuned in (he teal, in the Following 
chapters we present other very useful methods | r solving linear differential equations that vul] be sufficient for 
our purpow:v In additmn, a number of exercises mvolving the solution of differential equations are included in 
the pr.iblems at the ttid of 1hc chapter. 
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ExampJe 2. 14 

Consider the solution of eq. (2,95) when the input signal is 

x(ti ■■= Ke 3f u{n, (2.965 

where K is a real nurnber; 

The complete solution to cq. (2.96) consists of the sum of a particular solution. 
y p {t) t and a homogeneous solution, >^(f }, i.c„ 

*(0 ^ J P 10 + MO, (2.91) 

where the particular solution satisfies eq t (2.95) and y^t) is a solution of the homoge- 
neous differentiid equation 

^5 + 2 y(t) = a [2.98) 

a? 

A common method for finding the particular solution for an exponential input signal as 
in eq, (2.96) is to look for a so-called jorced response — i.e.. a signal of the same form 
as (he input. With regard to eq. (2.95). since x(t) = Ke 1 " for t > 0, we hypothesize a 
solution for r > of the foim 

Mr) = Ye*. (2.9°) 

where y Li a number thai we must determine. Substituting eqs. (2.96) and (2.99) into 
eq. (2.95) for t > yields 

lYe il +■ 2Ve }t = Ke*. [2 100) 

Canceling the factor ^-' from both side? of eq. (2.1O0), ivc obtain 

W + 2Y = K h [2.101) 

Or 

Y =* ^ (2J(J2> 

so that 

y p U) - I* 31 . />0 i2,103) 

Tn order to determine yi.it}. we hypothesize a solution of the form 

v*(0 = Ae". 12.104) 

Substituting this into eq. (2.98) gives 

Ase* , +2Ae* 1 = Ae st (x + 2} - 0. i2.WS\ 

From this equation, we see that we must take .t =* —2 and that 4c ~ 2 '' is a solution to eq 
(2.98) for any choice of A. Utilizing this fact and eq. (2.103) in eq r (2.97). we find that 
the solution of the differential equation fox i > Ojs 

yfj) = A*"* + j?*, t >i\ (2.106) 
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As noted earlier, the differentia] equation {2,95) by itself dots not specify uniquely the 
response >(r) to the input x{t) in eq, (2.96), In particular, the constant A in eq. (2. 1 06) 
has not yet been determined In order for the value of A to be determined, we need to 
specify an auxiliary condition in addition to the differential equation (295), As explored 
in Problem 2.34, different choices for this auxiliary condition lead to different solutions 
y(i) and, consequently, to different relationship's between the input and the output. As 
we have indicated, foi the most part in this book we focus on differential and difference 
equations used to describe systems that are LTI and causal, and in this case the auxiliary 
condition takes the form of the condition of initial rest That is, as shown in Problem 1.44, 
fora causal LTI system, if x(_t) — Ofor t < ta+ then y(0 must also equal for t < % From 
eq, (2,96), we see that for our example *(/) = Ofor; < Q„ and thus, the condition of initial 
rest implies that y(t) = Ofor/ < 0. Evaluating eq. (2,106) at r = and setting y(0) = 
yields 





0-A+|, 


or 






A 5' 


Thus* for / > t 






K 

y(o - T 


r e 3l -*" 2r 



(2.107) 



while for r < 0, y</) = b because of the condition of initial rest. Combining these two 
cases, we obtain the full solution 






j* - e "& 



uit), (2.1QS) 



Example 2.14 illustrates several very important points concerning linear constant- 
coefficient differentia) equations and the systems they represent. First* the response to 
an input x(t) will generally consist of the sum of a particular solution to the differential 
equation and a homogeneous solution — i.e., a solution to the differential equation with the 
input set to zero. The homogeneous solution is often referred to as the natural response 
of the system. The natural responses of simple electrical circuits and mechanical systems 
are explored in Problems 2,61 and 2.62. 

In Example 2.14 we also saw that, in order to determine completely the relation- 
ship between the input and the output of a system described by a differential equation 
such as eq. (2.95} s we must specify auxiliary conditions. An implication of this fact, 
which is illustrated in Problem 2.34, is that different choices of auxiliary conditions lead 
to different relationships between the input and the output. As we illustrated in the ex- 
ample, for the most part we will use the condition of initial rest for systems described 
by differential equations. In the example, since the input was for t < 0. the condition 
of initial rest implied the initial condition y(0) = 0. As we have stated, and as illustrated in 
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Problem 2,33, under the condition of initial rest the system described by eq, (2-95) is LT1 
and causal. 3 For example, if we multiply the input in eq (2.96) by 2, the resulting output 
would be twice the output ineq. (2.108). 

It is important to emphasize that the condition of initial rest does nut specify a zero 
initial condition at a fixed point in time, but rather adjusts this point in time so that the 
response is zero until the input becomes nonzero. Thus, if .*(r) = f or t ^ t o for the 
causal LT1 system described by eq. (2.95) T ihen yit) = for t. ^ % and we would use 
the initial condition v(f ) = to solve for the output for t > t$. As a physical example, 
consider again the circuit in Figure 1.1, also discussed in Example 1 .8. Initial rest for this 
example corresponds to the statement that, until we connect a nonzero voltage source to the 
circuit, the capacitor voltage is zero. Thus, if we begin to use the circuit at noon today, the 
initial capacitor voltage as we connect the voltage source at noon today is ^ero. Similarly, 
if we begin to use the circuit at noon tomorrow' instead, die initial capacitor voltage as we 
connect the voliage source at ntxm tomorrow is zero. 

This example also provides us with some intuition as to why the condition of initial 
rest makes a system described by a linear constant -coefficient differential equation lime 
invariant. For example, if we perform an experiment on the circuit, starting from initial 
rest, then, assuming that the coefficients R and C don't change over time, we would expect 
to get the same results whether we ran the experiment today or tomorrow. That is, if we 
perform identical experiments on the two days, where the circuit starts from initial rest at 
noon on each day, then we would expect to see identical responses — i.e , responses that 
are simply time-shifted by one day with respect to each other. 

While we have used the first-order differential equation (2.Q5) as the vehicle for the 
discussion of these issues, the same ideas extend directly to systems described by higher 
order differential equations. A general Nth-order linear constant-coefficient differential 
equation is given hy 






k=0 *=u 



The order refers to the highest derivative of the output y(f) appearing in the equation. In 
the case when N = (I, eq, 1 2, 109) reduces to 

In this case, y(t) is an explicit function of the input x{t) and its derivatives. For N iz. 1 , 
eq. (2.109) specifies the output implicitly in terms of the input. In this case, the analysis 
of the equation proceeds just as in our discussion of the first-order differential equation in 
Example 2.14. The solution >[/) consists of two parts — a particular solution to eq {1 109} 



-Tn fact, aste aliuiho^n in Prohtem 2-34 t if the initial condition for eq (2.95) is rvHi^ero. the- resulting 
system is incrementally linear. Thai ii, the overall response can be viewed, much as in FLgure 1 4R, as [he 
superposition uf the retponic to the initial conditions alone (with input set lo 0) and the response [o the input 
^ith an initial concition of {i.e.. [he response of the caudal LT1 system described by cq. (2 95 i) 
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plus a solution to the homogeneous differential equation 

The solutions to this equation are referred to as the natural responses of the system. 

As in the first-order case, the differential equation (2. 1 09) does not completely spec - 
ify the output in terms of the input, and we need to identify auxiliary conditions to deter- 
mine completely the input-output relationship for die system ► Once again, different choices 
far these auxiliary conditions result in different input-output relationships, buL for the mosi 
part, in this book we will use the condition of initial rest when dealing with systems de- 
scribed by differential equations. That is, if *{i) = for r ^ f^, we assume that yfr) = 
for f ^*q, and therefore, the response for t > / can be calculated from the differential 
equation (2.109) with the initial conditions 



dyiW = = d^y(h) 
dt dt> 



vfo) = —sr 1 = - ■ = — s£r^ = ft i 2 - 112 ) 



Under the condition of initial rest, the system described by eq, (2.109) is causal and LTL 
Given the initial conditions ineq r (2, 112), the output y(t} can, in principle, be determined 
by solving the differential equation in the manner used in Example 2.14 and further illus- 
trated in several problems at the end of the chapter. However, in Chapters 4 and 9 we will 
develop some tools for the analysis of continuous-time LTl systems that greatly facilitate 
the solution of differential equations and, in particular provide us with powerful methods 
for analyzing and characterizing the properties of systems described by such equations, 

2,4.2 Linear Constant-Coefficient Difference Equations 

The discrete-time counterpart of eq, (2.109) is the A r th-order linear constant-coefficient 
difference equation 

2>*r[rt - *] = ^btxln ~ JfcJ. (2 1 13) 

* - G k = 

An equation of this type can be solved in a manner exartly analogous to that for differential 
equations, (See Problem 2,32.) 4 Specifically, the solution y[n] can be written as the sum 
of a particular solution to eq. (2. 11 3) and a solution to the homogeneous equation 

N 

^a*yln - k] = 0, (2.1141 

4 Fw a detailed ^treatment of the methods for striving linear constant-coefficient difference equations, 
see Finite Difference Equations, by H. Levy and F Lehman (New Yortr MacitkLHuii b Inc., 1961), nr Finite 
totffewttce Equations and Sirrmhiions (Englewood Cliffs. NJ: Prentice- tfali, 1 S*3> b> F. B. Hildebnmd. [it 
Chapter £, we present another method for solving difference equations (hat greatly facilitates the analysis of 
linear time-invariant systems that are so described. In addition, we refer the reader to the problems at Lhe end 
of [his chapter that deal with di& solution of difference equations. 
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The solutions to this homogeneous equation are often referred to as the natural responses 
of the system described by eq, (2.113). 

As in the continuous-time case, eq h (2.113) does not completely specify the output 
in terms of the input, lb do this, we must also specify some auxiliary conditions. While 
there are many possible choices foi auxiliary conditions, leading to different input-output 
relationships, we will focus for the most part on the condition of initial rest — i.e., if x[n] = 
for* < no, then y[n] - Ofor n < «o as ^e!L With initial rest, the system described by 
eq. (2. 113) is. un and causal. 

Although all of these properties can be developed following an approach that di- 
rectly parallels our discussion for differential equations, the discrete-time case offers an 
alternative path. This stems from the observation that eq. (2,113) can be rearranged in the 
farm 



MM * 



*=o k=\ 



(2.115) 



Equation (2.1 15) directly expresses the output at time n in terms of previous values of the 
input and output. From this, we can immediately see the need Tor auxiliary conditions. In 
order to calculate y[/r], we need to know y[n— l],.. .., y[n — NJ. Therefore, if we are given 
the input lor all n and a set of auxiliary conditions such as y[— iV], y[-N + 11, .. .j[-l], 
eq. (2,115) can be solved for successive values of y[n] r 

An equation of the form of eq, (2,113) oreq. (2.115) is called a recursive equation, 
since it specifies a recursive procedure foF determining the output in terms of the input and 
previous outputs. In the special case when N = 0, eq. (2, 1 1 5) reduces to 

v[«] = f](-)x[n-kl (2.116) 

This is the discrete-time counterpart of the continuous-time system given in eq, (2. 110), 
Here, y[n] is an explicit function of the present and previous values of the input. For this 
reason, eq, (2.116) is often called a nanrecursive equation, since we do riot recursively 
use previously computed values of the output to compute the present value of the output. 
Therefore, just as in the case of the system given in eq. (2.110), we do not need auxiliary 
conditions in order to determine y[n). Furthermore, eq, {2.1 16) describes an LTI system, 
and by direct computation, the impulse response of this system is found to be 

[ 0, otherwise 

Thai is, eq. (2.116) is nothing more than the convolution sum. Note that the impulse re- 
sponse for it has finite duration; that is, it is nonzero only over a finite time interval. Because 
of this property, the system specified by eq. (2.116)is often called ^finite impulse response 
(£18) system. 

Although we do not require auxiliary conditions for the case of ftf = 0, such condi- 
tions are needed for the recursive case when N ^ 1 . To illustrate the solution of such an 
equation, and to gain some insight into tbe behavior and properties of recursive difference 
equations, lei us examine tbe following simple example; 
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Example 2. 1 5 

Consider the difference equation 



y[n]-ly[n-l] = *[«]. (2.118) 

Eq. {2, 1 1 ft) cod also be expressed in the form 

y[n] = *[«] + I v[n - 1], {2.119> 

highlighting the fact that we need the previous v&lue. of the -output, >[n — i\ t to calculate 
the current value. Thus, to begin the recursion, we need an initial condition. 

Fox example, suppose (hat we impose the condition of initial rest and consider the 
input 

x[ti] = KB[nl \2-l2Qy 

Id this ca^e, since x[tt] = Oforn ^ - 1, the condition of initial rest implies that y[n\ = 
for n ^ - 1, so- that we have as an initial condition y[— 11 = Starting from this 
initial condition, we can solve for successive values of v[jj] for n > as follows: 

?L01= arlOJ + iyf-l] = K, (2.1 21 1 

HU = x[\]+ ] -y[Q] = A -K, (2.122. 

I ... /r 2 



y[2J = *(2] + ^>-[l] - (-|tf. (2.123) 



y[n\ = x{n] + ^y[n - ] j - fl W {2.124) 

Since the system specified by eq . (2 . 1 1 8) and the condition of initi al re st i s LTI T its mpui- 
output behavior is completely characterized by its impulse response. Setting K -- Kwc 
see ihat the impulse response for the system considered in this example is 

h[n) = \\) u[n], (2.125) 



{ih lnl 



Note thai the causal LTI system in Example 2. 15 has an Impulse response of infinite 
duration. In fact, if N ^ 1 in eq. (2.1 13) T so that the difference equation is recursive* it 
is usually the case (hat the LTI system corresponding to this equation together with the 
condition of initial rest will have an impulse response of infinite duration. Such systems 
are commonly referred to as infinite impulse response \HR} systems. 

As we have indicated, for the most part we will use recursive difference equations in 
the context of describing and analyzing sysiems that are linear, time-invariant, and causal, 
and consequently, we will usually make the assumption of initiaj rest. In Chapiers 5 
and 10 we will develop tools for the analysii of discrete-time systems that will provide us 
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with very useful and efficient methods for solving linear constant-coefficient difference 
equations and for analyzing the properties of the systems that they describe. 

2.4.3 BPock Diagram Representations of First-Order Systems 
Described by Differential and Difference Equations 

An important property of systems described by linear constant-coefficient difference and 
differential equations is. that they can be represented in very simple and natural ways 
in terms of block diagram interconnections of elementary operations. This is significant 
for a number of reasons. One is that it provides a pictorial representation which can add 
to our understanding of the behavior and properties of these systems Tn addition, such 
representations can be of considerable value for the simulation or implementation of the 
systems. For example, the block diagram representation to be introduced in this section 
for continuous -time systems is the basis lor early analog computer simulations of systems 
described by differential equations, and it can also be directly translated into a program 
for the simulation of such a system on a digital computer. Tn addition, the corresponding 
representation for discrete-time difference equations suggests simple and efficient ways 
in which the systems that the equations describe can be implemented in digital hardwarc. 
In this section, we illustrate the basic ideas behind these block diagram representations 
by constructing them for the cau&al first-order by stems introduced in Examples 1,8- Lit. 
fn Problems 2.57-2.60 and Chapters 9 and 10, wt consider block diagrams for systems 
described by other, more complex differential and difference equations. 

We begin 'with the discrete-time case and. in particular, the causal system described 
by the first-order difference equation 

y\n] + ay[n 1] = hx\n\. (2.126) 

To develop a block diagram representation of thts system, note that the evaluation nt 
eq. (2, 126) requires three basic operations: addition, multiplication by a coefficient, and 
delay (to capture the relationship between y\ri] and y[n - 1]}. Thus, let us define three 
basic network elements, as indicated in Figure 2.27, To see how these basic elements can 
be used to represent the causal system described by eq. (2, 126), we rewrite this equation 
in the form that directly suggests a recursive algorithm for computing successive values 
of the output y[n\: 

y[n\ = -aylrt- 1J + bx[n]. (2.127) 

This algorithm is represented pictorial!} in Figure 2.28, which is an example of afeedback 
system, since the output is fed back through a delay and a mu Explication by a coefficient 
and is then added to bx\n]. The presence of feedback is a direct consequence of the recur- 
sive nature of eq, (2. 1 27) r 

The block diagram in Figure 2.2S makes clear the required .memory in this system 
and the consequent need for initial conditions. In particular, a delay corresponds to a mem- 
ory dement, as the element must retain the previous value of its input. Thus, the initial 
value of this memory clement serves as a necessary initial condition for the recursive cal- 
culation specified pictorially in Figure 2.28 and mathematically in eq. (2. 127). Of course, 
if the system described by eq. (2.126) is initially at rest, the initial value stored in the 
memory element is zero. 
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*iM 



xs[n] 



o 



x\n] 



(a) 



(b) 



■*- *i[riy+ *j[i] 



axn 



m 



M 



■#~x[n-1} 



Figure 2.27 Basic elements tor 
the block diagram representation 
of the causal system described ty 

eq. (2.126): (a) an adder, ft*) multi- 
plication by a coefficient; (c) a untt 
dekay. 



*[n]- 



b 



G> 



I 



■*- y[n] 



yfn-1] 



Figure 2.28 Block diagram repre- 
sentation for the causal discrete-rime 
system described by eq. (2.126). 



Consider next the causal continuous-time system described by a first-order differen - 
tiiil equation: 



<Y(0 
dt 



+ iiy(t) = bx{t\ 



(2.128) 



As a first attempt at defining a block diagram representation for this system, let us rewrite 
it as 



1 dy{i) b , ^ 
yti) = ~ — £^ + -J((0. 
a dt a 



(2,129) 



The right-hand side of this equation involves three basic operations' addition, multiplier- 
ticn by a coefficient, and differentiation. Therefore, if we define the three basic network 
elements indicated in Figure 2 29 t we can consider representing eq. (2.129) as an inter- 
connection of these basic elements in a manner analogous to that used for the discrete -time 
system described previously, resulting in the block diagram of Figure 2 30. 

While the latter figure is a valid representation of the causal system described by 
eq. (2. 128), it is noi the representation that is most frequently used or the representation 
that leads directly to practical implementations, since differentiators are both difficult to 
implement and extremely sensitive tu errors and noise. An alternative implementation thai 
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*itt) 




*- *lfl) + X^) 



x(lj 



3K(tj 



(b) 



xffl- 



dt 



<c) 



Figure 2.29 One possible set at 
basic elements for the block dfapram 
representation of the nunLiruous-lime 
system described by eq, (2.128). 
(a) an adder; [b) multio! ication by a 
coefficient; (c) a differentiator. 



b/a 




■*- y«) 



1/a 



4fi 
dt 



FJgure 2.30 Block diagram 
representation for the system in 
eqs. (2.128) avid {2.129) H using adders, 
multiplications by coefficients, ant 

differentiators. 



is much more widely used can be obtained by first rewriting eq. (2.128) as 

dy{t) 



dt 



= bx(t) - ay(t) 



(2.130) 



and then integrating from -» to r. Specifically, if we assume that the system described by 
eq. (2. J 30) is initially at rest, then the integral of dy{i)fdt from -* to t is precisely y(t) 
(since the value of yi- ») is zero). Consequently, we obtain the equation 



D 



y(f) = [*Jcrr>-ay(T):^T. 



(2.131) 



In this form j our system can be implemented using the adder and coefficient multiplier 
indicated in Figure 2.29, together with an integrator, as defined in Figure 2.3 1. Figure 2 32 
is a block: diagram representation for this system using these dements. 
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x{ti 



j"—/: 



t(")dT Figure 2. 3T Pictorial representation 

of an Integrator. 




/ 



-a 



■*- yfl) 



Figure 2.32 Block diagram rep- 
resentation ftr the s/stem in eqs 
(2 128) and (2.131 ), using adders, 
multiplications by coeffpciertts, and in- 
tegrators. 



Since integrators can be readily implemented using operational amplifiers, repre- 
sentations such as that in Figure 2.32 lead directly to analog implementations, and indeed, 
this is the basis tor both early analog computers and modern analog computation systems. 
Note that in the continuous-time case it is the integrator that represents (he memory stor- 
age element of the system. This is perhaps more readily seen if we consider integrating 
eq. (2. 1 30) from a finite point in time fa, resulting in the expression 



yit) = y(t ft ) + \bx(r) - ay{r)\ dr. 

Jin 



(2.132) 



Equation (2 J 32) makes dear the fact that the specification of y(t) requires an initial con- 
dition, namely, the value of y{t Q ). It is precisely this value that the integrator stores at 
time fa 

While we have illustrated block diagram constructions only for the simplest first- 
order differential and difference equations, such block diagrams can also be developed for 
higher order systems, providing both valuable intuition for and possible implementations 
of these systems. Examples of block diagrams for higher order systems can be found in 
Problems 2.58 and 2.60. 
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In this section, we take another look at the continuous-time unit impulse function in order 
to gain additional intuitions about this important idealized signal and to introduce a set of 
related signals known collectively as singularity functions. In particular, in Section 1 .4.2 
we suggested lhat a continuous-time unit impulse could be viewed as the idealization of a 
pulse that is "short enough" so that its shape and duration is of no practical consequence — 
i.e., so that as far as the response of any particular LTT system is concerned, all of the area 
under the pulse can be thought of as having been applied instantaneously. In this section, 
we would first like to provide a concrete example of what this means and then use the 
interpretation embodied within the example to show that the key to the use of unit lm pulses 
and other singularity functions is in the specification of how LTT systems respond to these 
idealized signals; i.e., the signals are in essence defined in terms of how they behave under 
convolution with other signals. 
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2.5. 1 The Unit Impulse as an Idealized Short Pulse 

From the sifting property, eq. (2.27), the unit impulse £(/) is the impulse response of the 
identity system. That is, 

*(*> = *<r)*S<f> at 33) 

for any signal xit). Therefore, if we take x(t) — 5(f), we have 

S(t) = 8(f)* HO- (2 J 34) 

Equation (2.1 34) is a basifc property of the unit impulse, and it also has a significant im- 
plication for out interpretation. t>f the unit impulse as an idealized pulse. For example, as 
in Section 1 A 2, suppose that ftc think of d(t) as the limiting furm of a rectangular pulse. 
SpecificaJly, let S± (/) correspond to the rectangular pulse defined in Figure 1 ,34 t and let 

r^t) = W)*Sa(/) (2.] 35) 

Then r±(t) is as sketched in Figure 2.3 J. If we wish to interpret S(f) as the limit as A — * of 
3 a(0, then, by virtue of eq.( 2. 1 34), the limit as A -* for r±{i) must also be a unit impulse 
In a similar manner, we can argue that the limits as A -* of r$(t) * r A (r) or r±(t) *S\(t) 
must be unit impulses, and so on. Thus T we see that for consistency, if we define the unit 
impulse as the limiting form of some signal then in fact, there is an unlimited number of 
very di&sirnihir-locikiiig signals, all of which behave like an impulse in the limit. 

The key words in the preceding paragraph are "behave like an impulse," where, as 
we have indicated, what we mean by this in that the response of an LT1 system to ill of 
these signals is essentially identical, as long as the pulse is ''short enough," i.e., A is hl small 
enough." The following example illustrates this idea: 




2i 



Figure 2.33 The Signal r^t) 
defined in eq. [2.135). 



Example 2.16 

Consider the LTl system described by the first-order differential equation 

-jg- +2>'ij) - r(U, (2J36) 

together with the condition of initial rest. Figure 2.34 depicts, the response of this system 
to $±{!)< ri(J). r±{t) * $±{l) t and r^(/) * r&it) for several values of A. For i Large enough, 
the response* to lhe.se input f*igflali differ noticeably. However, for £ sufficiently small, 
the responses are e^entiaJly indistinguishable > so that all of the input signals "behave" 
in the tame way. Furthermore* as suggested by the figure, (he limiting form of all of these 
responses iy precisely e* _2r w(0 Sirtce the limit of each of these FiignaU as. i -^ it, the 
unit impulse, we conclude that r "^wC/J is the impulse response for this system/ 

*ln Chapters 4 and 9, wt will dcscn.be much simpler ways to tiecemiiQc the impulse response of causaI 
LTI ly^terrt^ rte^cntcd by linear ton£.UmH-{;oe.ffieierH differential equations 
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RespftrtsSs 1o x(l) = 5 A {tJ 



2 G 1 

Responses 1o xffl r^fl) 



fl=-Q.0QM 



1=0S5 




Responses \c x[t) = B-j.(t> - r A ft> 

It) 
tr 



05 ■ 



Responses lo x(t) - riBl-r^ti 



hffl - e ^u ft) 




Figure 2.34 Interpretation of a unit impulse as the idealization of a pulse 
whose duration is 'short enough' so that, as far as 1l>e response of an LTI 
system to this pulse is concerned, the pulse can be thought of as having 
been applied mstantaneousty: (a) responses ol the causal LTI system de- 
scribed by eq. (2.136) to the input $±{t) for A = Q.25, 0.1, and 0.0025. 
{b) responses of the same system to r±[t) for the same values of A; (c) re 
sponsesto ^{t)*^), (d) responses 10 Ji(f) ***(/): {r) the impulse response 
h(t) = e- il v{f) for the system. Note that, for A = 0.25, ttiere are noticeable 
differences among the responses to these different sgnals; however, as i 
becomes smaller, the differences dimmish, and all of the responses converge 
to the impulse response shown in (&). 
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One important point to he emphasized is that what we mean by -L A small enough 1 " 
defends on tht particular LTI sys-tem 10 which the preceding pulses are applied. For 
example, in Figure 2 35-, we Uave illustrated the responses to these pulses for different 



=0.00025 



A = 0.01 







Responses to x(t) - r^TJ 



A-O.O0C25 



-oo-i 



ii = O025 




05 - 



D1 

1 



2 1 

Responses lo xjt} = ^(l^r^l) 



hffi - e Jjr u (tt 



02 




Figure 2,35 Fin-cing a value of £ that is "small enough" depends upon 
the system to which v^e are applying inputs: (a) responses cf the causal U\ 
system described by eq. (2 137) to the fnput ajt) for A - 0.025, 01, and 
0- 00025; (t» responses lo ^(f); (c) responses to S.i(fWi(fl; (d) responses to 
M') * ■ r j(0 1 ( E > the impuJse response h\t) = e 2af tt{t) for the system. Com- 
paring these responses to those in Figure 2.34, we see that we need to use a 
smaller value of A in tins case before the duration and shape of the puJse are 
cf rro consequence. 
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values of A tor the causal LTT system described by the fir^-order differentia] equation 

dy{tt 



di 



+ 20y{r) = xitX (1137) 



As seen in the figure, we need a smaller value of A in this case in order for the responses 
to be indistinguishable from each other and from the impulse response h{t) = £ ^u(t) 
for the system. Thus, while what we mean by "A small -enough" is different foe these 
two systems, we can Hnd values of A small enough for both. The unit impulse i*. then 
the idealization of a short pulse whose duration is short enough for all systems. 

2.5,2 Defining the Unit Impulse through Convolution 

As the preceding example illustrates, for A small enough, the signals B&UX r^{t\ r±{i) * 
&±{t), and rj{r) * r&[t) all act lite impulses when applied to an LTI system. In fact, there 
are many other signals for which this is true as well. What it suggests is that we should 
think of a unit impulse in terms of how an LTI system responds to it. While usually a 
function or signal is defined by what it is at each value of the independent variable, the 
primary importance of the unit impulse is not what it is at each value of r, but rather what 
it does under convolution. Thus, from the point of view of linear systems analyse* we may 
alternatively define the unit impulse as that signal which, when applied lo an LTI system, 
yields the impulse response. That is, we define 5(f) as the signal for which 

*(/) = x{i)*8{t) (2,138) 

for any x(r). In this sense, signals, such as &±{t) r r^(t) T etc., which correspond to short 
pulses uith vanishingly small duration us A — * 0, all behave like a unit impulse in the 
limit because, if we replace 5<r)byany of these signals, theneq. (2. 138) is satisfied in the 
limit. 

All the properties of the unit impulse that we need can be obtained from the opera- 
tional definition given by eq, (2.1 38), For example, if we let *(/) = 1 for all T t then 



= x{t) = *(r)*r>(r) = 6(r) **(;) = J S(t)*(; - T)dr 
d(T)dr f 



so that the unit impulse has unit area. 

It is sometimes useful to use another completely equivalent operational definition of 
5(0. To obtain this alternative form, consider taking an arbitrary signal g(r), reversing it 
in time to obtain §{-*/)♦ ^^ men convolving this with 8{t). Using eq. (2. 138), we obtain 

' - T 

*(-r) - 8i-t)*S{t) - g(T-t)H.T)dT, 

J—y 

which, for/ - 0, yields 

£(0) - f gtT)air)dT, (2139) 
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Therefore, the operational definition of &(i) given by eq, (2 138) Implies eq (2.1 39). On 
the other hand, eq. <2139) implies eq. (2.138). To see this, let x(r) be a given signal, fix a 
time r, and define 

Then, using eq. (2, 139), we have 

*(0 = *£D) *= 5 {t)S(t)Jt ^ I jr(r - t)^(t)^t, 

which is precisely^. (2. 138). Therefore, eq. (2.139) is m equivalent operational definition 
of the unit impulse. That is, the unit impulse is the signal which, when multiplied by a 
signal gif) and then integrated from -*> to +&* produces the value #(0), 

Since we will be concerned principally withLTI systems, and thus with convolution, 
the characterization of 5(f) given in eq. (2. 138) will be the one to w filch we will refer most 
often. However, eq. (2.139) is useful in determining some of the other properties of the 
unit impulse . For ex ample, consider the signal fit) 5 it), where f{ t) is another si cmal . Then, 
frumeq. (2,139), 

[ £{T)/(T)5(rVr = g{0)/(0). (2 140) 

J -a, 

On the other hand, if we consider the signal /<G)fi(0- we see that 

[ g{T)J[0)S(T)Jj = s(0)f(0). (2J41) 

Comparing eqs. (2. 140) and (Z 141), we find that the two signals fit) 6(0 and j 10) £[./) be- 
have identically when they are multiplied by any signal g(t) and then integrated from —t- 
to +». Consequently, using this form of the operational definition of signals, we conclude 
that 

/(/)S(0 - f{0)&(t), (2J42) 

which is a property that wederived by alternative means in Section 1,4.2. [Seeeq. (f.76).] 

2-5.3 Unit Doublets and Other Singularity Functions 

Theun.it impulse is one of a class of signals known as singularity junctions, each of which 
can be defined, operationally in terms of its behavior under convolution. Consider the LTl 
system for which the output is the derivative of the input, i.e., 

X')=^ (2.143, 

The unit impulse response of this system is the derivative of the unit tmpulsc, which is 
called the unit doublet u\{t). From the convolution representation for Ul systems, wc 
have 
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^p- - jc(/)*«i(r) (2,144) 

for any signal j(/>. Just as eq. (2 J38) serves as the operational definition of S(f), we will 
take eq. (2,144) as the operational definition of ii|(t). Similarly, we can define u 2 U\ the 
second derivative of 5(f), as the impulse response of an LTI system that takes the second 
derivative of the input i.e.* 

d 2 xit\ 

-jp f - = x(t)*u 2 (t). (2.145) 

From eq. (2, 144), we see that 

d 2 rtt) d /dx{t)) 



di 2 dt\ dt 



= *(0*MO*«i(0> (2.146) 



/ 



and therefore, 

u 2 (t) = f ti(r)*m(t). (2.147) 

In general. Wi(0. k > 0, is the jfcth derivative of S[t) and thus is the impulse response of a 
system that takes the Ath derivative of the input. Since this system can be obtained as the 
cascade of k differentiators, we have 

utU) = ii](r)*---*wi(t) / (2.148) 

k times 

As with the unit impulse, each of these singularity functions has properties that can 
be derived from its operational definition. For example, if we consider the constant signal 
x(t) = 1, we And that 

=* ^p = Jf(D*M|(0 = f utirMt- r)dr 



1 



J — A- 



U](T)dT. 



so that the unit doublet has zero area. Moreover, if we convolve the signal g(— /) with u\ (/), 
we obtain 

J g(T-t}ut(r)dr =g(-t)*u ] (t) = d -^ r) - ~g'{-a 

which, for t = 0, yields 

-gXO) = f j?(T) Ul (T)^r. (2.149) 
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In an analogous manner, we can derive related properties of WjO) and higher order iingu 
larily functions, and several u-f these properties are considered in Problem 2.69. 

Ai with the unit impulse each of these singularity functions can be informally re- 
lated to short pulse*. For example, since the unit doublet is formally the derivative of the 
unit impulse, we can think of the doublet as the idealization of the derivative of a short 
pulse with unit area. For instance, consider the short pulse 8&{t) in Figure 1 .34. This pulse 
behaves like an impulse as A -+ 0. Consequently, we would expect its derivative to be- 
have like a. doublet a.s 4 -* 0. As verified in Problem 2,72, dd&ydt is as depicted in 
Figure 2.36 J . Lt consists of a unit impulse at t = with area +U&, fallowed by a unit 
impulse of area - [JA at r = A. i,e.. 



^ ->-«,-*» 



(2.150) 



Consequently, using the fact that xit)* fi(r - Iq) = x(t - 1q) [seeeq. (270)1, we find that 






x(t) - x[l - A) _ ttx(t) 
A ~ dt 



aisi) 



where the approximation becomes increasingly accurate asi-* 0. Comparing eq. (2.151) 
with eq. (2,144), we see that d5^(t)/dt does indeed behave like a unit doublet as A — * 0. 
In addition to singularity functions that are derivatives sf different orders of the unit 
impulse, we can also define signals that represent successive integrals of the unit im- 
pulse function. As we saw in Example 2,13* the unit step is the impulse response of an 
integrator; 



yw = 



x{j)dT. 



Therefore, 



«(*) = 



S{j)dr Y 



(2152) 



dGiffl 



dt 



Ffgure 2.36 Tie derivative 
td&ityat of the short rectangular 
pdse Sj(tf of Figure 1 34. 
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and we also have the following operational definition of ji(/): 



(2.153) 



Similarly, we can define the system that consists of a cascade of two integrators. Its 
impulse response is denoted by u. 2 (t\ which is simply the convolution of u<t), the impulse 
response of one integrator, with itself: 



(2.154) 



M- 2 (0 = U(t)*u(t) = f U<T)d7. 

Since u{t) equals for t < and equals 1 for t > 0, it follows that 

U-2(t) = tu(t). 



(2.155) 



This sigual, which is Teferred to as the unit ramp junction* is shown in Figure 2.37. Also, 
we can obtain an operational definition for the behavior of u-z(i) under convolution from 
eqs. (2.153) and (2.154): 



x{t) * "-2(0 = x{t) * u(t) * u[t) 



(2.156) 



IKO^h 



In an analogous, fashion, we can define higher order integrals of &{1) as the impulse 
responses of cascades of integrators 

H-*<f> = Htt)* *tt(t) = \ H_ (ft _ 1> (T)rfT. (2.157) 

^™ t ' /-* 

k times 

The convolution, of *(0 with u-s(t),u,^(t) t . . t generate correspondingly higher order 
integrals of jc(i). Also, note that the integrals in eq. (2.157) can be evaluated direcdy (see 



u a (t) 




Slopes 1 



1 Figure Z.37 Unit ramp lunctron. 
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Problem 2.73), as was done in eq. (2^155), to obtain 



Thus unlike the derivatives of &{t\ the successive integrals of the unit impulse are func- 
tions that Can be defined for each value off [eq. (2,158)], as well as by their behavior under 
convolution. 

At times it wiEl be worthwhile to use an alternative notation for 6(0 and tt{t), namely, 

S{t) = uofr), (2.159) 

u(t) = «_,(r> (2,160) 

With this notation, w*(f) for k > denotes the impulse response of a cascade of k differ 
entiators> wo(') is the impulse response of the identity system, and, for ft < 0. u^(t} is the 
impulse response of a cascade of |jt| integrators. Furthermore, since a differentiator is the 
inverse system of an integrator, 

«(0*ui(0 = 5(f), 
or, in our alternative notation, 

v-i(t)*udi) = «i>(0. (2. 161) 

More generally, from eqs (2.148), (2J57) S and (2.161) T we see that for any integers k 
and r, 

u t (t)*urtt) - a fc+r {rt, (1162) 

If k and rare both positive, eq r (2.162) states that a cascade of k differentiators followed by 
r more differentiators yields an output that is the (it + r)th derivative of the input. Similarly, 
if k is negative and r is negative, we have a cascade of \k\ integrators, followed by another 
\r[ integrators. Also, if k is negative and r is positive, we have a cascade of k integrators 
followed by r differentiators, and the overall system is equivalent to a cascade of \k -r r\ 
integrators if Jt + r < 0, a cascade of k+ r differentiators if k + r > 0, or the identity system 
if k + r = r Therefore, by defining singularity functions in terms of their behavior under 
convolution, we obtain a characterization that allows U5 to manipulate them with relative 
ease and to interpret them directly in terms of their significance for Lll systems. Since 
this is our primary concern in the book, the operational definition for singularity functions 
that we have given in this section will suffice for our purposes* 

ft As mentioned in Chapter ^ , singularity functions have been nearly studied in the field of mathematics 
under the dternat L ve names of xeneralu,? d function.? and distribution theory, Tlie approach wc have taken in 
this section is actually clutely allied in spin E with the rigorous approach taken in the references given in footnote 
3 of Section 1 4. 
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2.6 SUMMARY 



In this chapter, we have developed important representations for LTI systems, both in dis- 
crete time and in continuous time. In discrete lime we derived a representation of signals 
as weighted sums of shifted unit impulses, and we then used this to derive !he convolu tion - 
sum representation for the response of a discrete-time LTI system ► In continuous time we 
derived an analogous representation of continuous-time signals as weighted integrals of 
shifted unit impulses, and we used this to derive the convolution integral representation 
for continuous- time LTI systems These representations are extremely important, as they 
allow us to compute the response of an LTI system lo an arbitrary input in terms of the sys- 
tem's response to a unit impulse. Moreover, in Section 2.3 die convolution sum and integral 
provide*} us with a means of analyzing the properties of LTI systems and, in particular, of 
relating LTI system properties, including causality and stability, to corresponding proper- 
ties of the unit impulse response. Also, in Section 2.5 we developed an interpretation of 
the tontinuous-iime unit impulse and other related singularity functions in terms of their 
behavior under convolution. TTiis interpretation is particularly useful in the analysis of LTI 
systems. 

An important class of continuous-time systems consists of those described by linear 
constant-coefficient differential equations. Similarly, in discrete time, linear constant- 
coefficient difference equations play an equally important role. In Section 2.4, we exam- 
ined simple examples of differential and difference equations and discussed some of the 
properties of systems described by these types of equadons. Jn particular, systems de- 
scribed b> linear constant-coefficient differential and difference equations together with 
the condition of initial rest are causal and LTI. In subsequent chapters, we will develop 
additional tools that greatly facilitate our ability to analyze such systems. 
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The first section of problems belongs to the basic category, and the answers are pro- 
vided in the back of the book. The remaining three sections contain problems belonging 
to the basic, advanced, and extension, categories, respectively. 

Extension problems introduce applications, concepts, or methods beyond those pre- 
sented in the text- 



BASIC PROBLEMS WITH ANSWERS 



2.1. Let 



4/i] ^ 8[n} + 2S[n- 1] - $\n - 3| and h[n) - 28[n + I] - 2S[n - ]\ 

Compute and plot each of the following convolutions: 

(a) yiEn] = *[*l*hM (b) y^n] - *[n + 2] * h[n] 
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2,2, Consider the signal 

Express A and B in terms of n so that the following equation holds: 



«-(!? 



elsewhere 
2.3, Consider an input jr[n] and a unit impulse response h{n] given by 

h[n] « w[n 4- 2] 

Determine and plot the output y[n] = x[ri\*h[n]. 
2A Compute and plot y\n] ™ jrl«] * fc[«L where 

x{n] ^ [ 1, 3 * » *s 8 
1 0, otherwise ' 

0, otherwise 



2.5. Let 



1 0, elsewliere 



1. 0^ n^ N 
0, elsewhere ' 



where JV ^ 9 is an integer. Determine the value of N, given^that v[n] — x[n]* h[ti\ 
and 

yW = 5, #14] = 0. 

2.6, Compute and plot the convolution y[n] - x[n] *h[n} t where 

r[n] - (i) u[-n - 1] and ft[n] = u[n - 1]. 

2.7, A Linear system 5 has the relationship 

■IC 

between its input x[n] and its output y[n], where #[«] = u[n] - u[n - 4]_ 
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(a) Determine y[n] when x[n] = &[n - ]]. 

(b) Determine y[n] when x[n] = d\n — 2] . 

(c) IsSLTT? 

(d) Determine y[ri\ when x[ri] = u[n\. 

2.8. Determine and sketch the convolution of the following two signals: 

/+ 1, ^ t ^ 1 
x{t) = < 2 - t t 1 < t =e= 2 , 
0, elsewhere 

h(t) = Sit + 2) + 2S(i + 1). 

2.9. Ltl 

A<0 = e 2l u{-t + 4) 4- £- 2 'u(f - 5). 
Determine j4 and B such that 

Kr - t) = -( 0, A < t < 5 ■ 



2,10. Suppose that 



{ 0, elsewr 



1 n elsewhere 



and h(t) = xil/a), where < a < 1, 

(a) Determine and sketch y(i) = x(t) * h(t). 

(b) If dy(i)idt contains only three discontinuities, what is the value of a ? 

2.11, Let 

x{t) = u(t - 3) - H<f - 5) and fa*) = i? _: Vf), 

(a) Compute y(t) = jt(0 * A(/>. 

(b> Compute #(f) = (dxit)fdO * h{t). 

(c) How is g(t) related to y(t}? 

212. Let 



Show that y(t) = Ae f for ^ / < 3 T and determine the value of ,4. 
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2.13. Consider a discrete-time system Si with impulse response 



(a) Find the integer A such that h[rt] - Ah[n - 1] = £[«1. 

(b) Using the result from part (a), determine the impulse response g[n] of an LTI 
system $> which is the inverse system of £j . 

2*14l Which of the tallowing impulse responses correspond^) to stable LTJ systems? 
(a) MO = e- <l - 2 * )l u(f) (bi h 2 {0 = e- f cos(2t)u{t) 

2.15, Which of the following impulse responses correspond(s) to stable LTI systems? 
(a) ht[n\ = ficos(J/t)M[Hj [h) A,[n] = $"u[-n + 10] 

2.16, For each of the following statements, determine whether it is true or false: 

(a) If x[rt] = for n < N x and h[n] = (or n < N 2 , then x[n] * h[n] ~ for 
n < N { + N 2 , 

(b) If y[n] = x[nl*/i[n] t thenyr>i - 1] - x[n - 1] * h[n - 1]. 

(c) If y<0 = *(0*&tr),then,y(-F) - jc(-i)*A{-*). 

(d) If x(i) = for / > r, and A(') = for * > T 3 > then x[i) * h(t) = for / :> 

r, +t 2 , 

2 T 17. Consider an LTI system whose input x(r) and output v(0 are related by the differ- 
ential equation 



— >(0 + 4 v(f) = jt(0- 



(P2J7-1) 



The system also satisfies the condition of initial rest, 
(a) If x(r) = f (,+3 ^u(0, whatisy(r>? 

(Id) Note that $U{jr(f)} will satisfy eq. (P2.1 7-1) with Gte{jy(/)}. Determine the out- 
put f{t) of the LTI system if 

x(t) = e~ ' CQ&(3t)uit). 

2.18. Consider a causal LTI system whose input x[n] and output y[n] are related by the 
difference equation 

y[n\ = ^y[n- 1] + x[n]. 

Determine y[ri\ if x[n] = 8[n — 1], 

2.19. Consider the cascade of the following two systems S\ and 5j, as depicted in Figure 
P2.19: 



m 



S, 



wjnj 



Sj 



■*- vlnj 



Figure P?. T9 
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S i : causal LTI. 

w[n] = -ve[n - J] + *[n5; 

S 2 : causal LTI, 

?[n} = fty[n — 11 + fiwln]. 

The difference equation relating jM and y[n] is: 

yl«J = -gtfn " 2] + ^Jt" " 1] + *W 

(a) Determine a and /*. 

(b) Show the impulse response of the cascade connection of S 1 and S 2 , 

2.20- Evaluate the following integrals: 
(a) f* uo<*}cos(*>rfr 
<b) / t fsin(27rf)5(f + 3) dt 
(c> J_ S U](1 - T)cos(2irT)dr 

BASIC PROBLEMS 

221, Compute the convolution y[n] - jt[h] * h[n] of the following pairs of signals: 

0>) *H = M«] = a"«l«] 

AM = 4*[2 - «] 
(d) x[n] and ft[n] are as in Figure P2.21. 

*[n] h[n] 

jui ii ,..:hhh,.,ihhl_ 

-1 D12346 r 1 ? 3 4 5 6 7 fl 9 101112 131415 16 n 

Figure P2.2I 

2,22* For each of the following pairs of waveforms, use the convolution integral to find the 
response y(f) of the LTI system with impulse response h(f) to the input xtt). Sketch 
your results. 

(a) xi & ^ e "'"^ 1 (Do this both when a ^ p and when a = £.) 
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(b) x(t) = «(i) - 2u(t - 2) + «(r - 5) 

MO = fNl -0 

(c) jr(f)and A[/)a«M in FiguieP2. 22(a), 

(d) x{t) and h(/) arc as in Figure P2 22(b), 

(e) x(t) and h{s) are as in Figure P2.22(c). 




W) 



i - 



One period of sin utt 



(a) 



3 t 




Slope = a 



*W 



Tt 



n 



m 
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Figure P2, 22 



2.23, Let fr(f ) be the triangular pulse shown in Figure P2.23(a) h and let x(t) be the impulse 
train depicted in Figure P2 23(b), That is, 

Jt|f> = J^ S(t- kTX 

k = -so 



Determine and sketch jy(f) ~ *(') * AG) for the Mowing valines of T: 
(a) T = 4 (b) T = 2 (c> 7 1 - 3/2 (d) r = 1 
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Figure P2.23 



2.24. Consider the cascade interconnection of three causal LTI systems, illustrated in Fig- 
ure P2.24{a). The impulse response hi[ri\ is 

h 2 [n\ = u[n] - u[n - 2\ 

and the overall impulse response is as shown m Figure P2.24(b), 



x[nj 



hi[n] 



^ hair) 



(a) 



h^n) 
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Figure P2.24 



(a) Find the impulse response h\[ii\. 

(b) Find the response of the overall system to the input 

x[n] = S[n] - 8[n - 1]. 
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2.25. Let the signal 

y[n] =* x[rt] * ft[nl 
where 



and 



x[n] =3 n u[-n-l\ + \ ] -\ u[n] 



h[n] =|I.l «E^ + 3J. 



(a) Determine y[n] without utilizing the distributive property of convolution, 
(b)- Detercnira y{n\ utilizing the distributive property of convolution. 

2.26, Consider the evaluation of 

yM = xi [n] * x 2 M * x^[n] r 

where jt!^] = (Q.5j"w|*L x 2 [n] - u[n + 31, and x 3 [n] = &[it] -S[n - 1]. 

(a) Evaluate the convolution x v [n] * X2{ri\. 

(b) Convolve the result of part (a) with x$[ri] in order to evaluate y[n]. 

(c) Evaluate the convolution J2[n] * X3[nj. 

(d) Convolve the result of part (c) with x\[ti] in order to evaluate y[n], 

2.27. We define the area under a continuous -time signal v(t) as 



,. . / 



4, = | v{t)dL 
Show that if y(t) = *<r) * h(t\ then 

Ay — A^Af,. 

2.2& The following are the impulse responses of discrete-time LT1 systems. Determine 
whether each system is causal and/or stable. Justify your answers. 

(a) h[n] - <1jM«] 

(b) *[nj = (O.B)*«[n + 2] 

(c) fi["J = <i)"u[-«] 

(d) /i[n]- (5Tit[3-n] 

(e) A[n] = (-J)-HlBl + <1.01)"«t«- i| 

(f) M«J = (-£> n u[«] H- (L01) B «[1 " «] 
(fi) /i[n] = n(|) n u[ft-l] 

2,29. The following are die impulse responses of continuous-time LTI systems. Determine 
whether each system is causal and/or stable. Justify your answers. 

(a) MO = * -4, Jf(*-2> 

(b) h{t} = *-* M (3 - f) 

(c) h{t) = £"**{' + 50) 

(d) h{t) = e*u{-\ -0 
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(e) fc(0 - e *M 

(f) ft(r) = te-'«<0 

(g) ft(0 - {2e~* - ?<'-'°f>yira^ r) 

2,30- Consider the first-order difference equation 

v[/i] + 2y[w - 1] = jr[n]. 

Assuming the condition of initial rest (i,e., if x[n] = Oforn <; rao t Theny[n] = Ofor 
rt < rtfl), find the impulse response of a system whose input and output are related by 
this difference equation. You may solve the problem by rearranging the difference 
equation so as to express y[ri] m terms of v[« — 1 J and x[n] and generating the values 
ofylO], vf + i] T y[ + 2] p ... in that order. 

231* Consider the LTI system initially at rest and described by the difference equation 

y[n\ + 2y[ti - 1] = x[n] + 2x[n - 2], 

Find the response of this system to the input depicted in Figure P2.3 1 by solving the 
difference equation recursively. 



I 



2 
1 



»L11] 



r 
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232* Consider the difference equation 



and suppose that 



>[«]-iy[«-i] = *[«]- (P2.32-1) 



*[«] = (3) «[*"!■ (P2.32-2) 



Assume that the solution v[n] consists of the sum of a particular solution y p [n] to 
eq. (P2.32-1) and a homogeneous solution yh[n] satisfying the equation 

(a) Verify that the homogeneous solution is given by 

y h [rt] = a\- 

O) Let us consider obtaining a particular solution y p [n\ such that 

1 , „ /lV 



y P [n] - 2 y pl n " ^ ~ I 3 ) "W- 
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By assuming thai y p [n] is of the form 8{^f for n ^ T and substituting this in 
the above difference equation* determine the value of B, 
(c) Suppose that the LTI system described by eq. (P2.32-1) and initially at rest has 
as its input the signal specified by eq. (P2,32-2), Since x[ti\ ■= for n < 0, we 
have that y[ri\ - for n < 0. Also, from parts (a) and (b) we have that y[n) 
has the form 



™=4h B ® 



forn ^ 0- In order to salve forthe unknown constantA, we must specify a value 
for y[n] for some n ^ & Use the condition of initial rest and eqs. JP2,32-1) 
and (P2.32-2) to determine >(0]. From this value determine the constant A . The 
result of thii calculation yields the solution to the difference equation (P2.32-1) 
under the condition of initial rest, when the input is given by eq, (P2.32-2) 

2.33. Consider a system whose, input x(t) and output y(i) satisfy the first-order differential 
equation 

^P + 2y(;)- xiil (P2.33-I) 

The .system also satisfies the condition of initial rest, 

(a) (i) Determine the system output y t (t) when the input is X] (/) = e*'u{T). 

in) Determine the system output y 2 (T) when the input is x 2 {t) = e 2l u(t). 

(iii) Determine the system output y 3 (f) when the input is x$(t) = ae^u(t) +- 
fie 2 *it(t), where a and j3 are real numbers. Show that y 3 (r) ~ a>](0 + 

(iv> Now let *|(f) and x 2 (0 be arbitrary signals such that 

jci(f) *= Q for* < j 1 !, 
*z(0 = 0. for l < f 2 - 

Letting y ] (f ) he the system output for input x ] (f ) h y 2 (?) be the system output 
for input x 2 (t\ and y 3 (r) be the system output for jt 3 (t) = ax\(i) + px z {t), 
show that 

y&) = ay\(t)+py 2 (t). 

We may therefore conclude that the system under consideration is linear. 
(h) {[) Determine the system output V|<0 when the input is X[(t) = Ke^uir), 
n"i) Determine the system output y 2 (t) when the input is jc 2 it) — Ke 2{lT] 

u(t - T), Show that y 2 (t) = yrtt-T). 
<iii) Now let x\(t) be an arbitrary signal such that x\(t) = for t < r . Letting 

>"i(/) be the system output for input * t (f) and v 2 (r) bo the system output 

for X2O) = xi(t- T), show that 

nO) * yiU-Tl 
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We may therefore conclude that the system under consideration is time 
invariant. In conjunction with the result derived in part (ah we conclude 
that the given system is LT1. Since this system satisfies the condition of 
initial rest, it is causal as well. 

234. The initial rest assumption corresponds to a zero-valued auxiliary condition being 
imposed al a time determined in accordance with the input signal. In this problem 
we show that if the auxiliary condition used is nonzero or if it is always applied at a 
fixed time (regardless of the input signal) the corresponding system cannot be LTI. 
Consider a system whose input x{t) and output y{i) satisfy the first-order differential 
equation (P2.33-H. 
(a) Given che auxiliary condition y( 1) = 1, use a counterexample to show that the 

system is* not linear. 
<b) Given the auxiliary condition >(1) = 1, use a counterexample to show that the 

system is not time invariant, 

(c) Given the auxiliary condition v(l) - l,show that the system is incrementally 
linear. 

(d) Given the auxiliary condition v<1) = G\ show that the system is linear but not 
time invariant. 

(e) Given the auxiliary condition y(0) 4- y(4) = 0\ show that the system is linear 
but not time invariant. 

2,35* In the previous problem we saw that application of an auxiliary condition at a Used 
time (regardless of the input signal) leads to the corresponding system being not 
time -invariant. In thisproblem, we explore the effect of fitted auxiliary conditions on 
the causality of a system. Consider a system whose input x(t) ana output vir) satisfy 
the first-order differential equation {P2.33-1). Assume that the auxiliary condition 
associated with the differential equation is y(0) = 0, Determine the output of the 
system for each of the following two inputs: 
<a) jc,(*) = 0, for all r 

a /< -1 



Observe that if >i (f) is the output for input jj (r) and yi{t) is the output for input 
jf 2 (fj> then 3 j | (t) and j?t(0 are not identical f or j < — 1, even though X] (/) and j^O 
are identical for / < — 1 . Use this observation as the basis of an argument to conclude 
that the given system is not causal. 

2.36. Consider a discrete-time system whose input x[n] and output y[n] are related by 

y[n] = (ij>1«-l] + x[n]. 

(a) Show that if this system satisfies the condition of initial rest (i.e., if x[n] = 
for n < n$ t then y[rj] = for n < n»), then it is linear and time invariant. 

(b) Show that if this system does not satisfy the condition of initial rest, but instead 
uses the auxiliary condition y|U] = O t it is not causal. {Hint: Use an approach 
similar to that used in Problem 235-1 
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237. Consider a system whose input and output are related by the first-order differential 
equation (P2,33-l>. Assume that the system satisfied the condition of final rest [i. e,, 
if x(t) s= o for / > fn 5 then y(j) = for t > fa]. Show that this system is Hu/cau&al- 
[Hint: Consider two inputs to the system, *| (t) = and x-i{t) = e\u{t) — u{t — ])), 
which result in outputs >i(r) and >^(f), respectively. Then show that vi(0 ^ yz{t) 
lot t<Q.] 

2.3SL Draw block diagram representations for causal LTl systems described by the fol- 
lowing difference equations: 

(a) yln] = ±y[»-l] + £*[«] 

« y[n\ = iy[«-l] + jt[rt- 1] 

239. Draw block diagram representations For causal LTl systems described by the fol- 
lowing differential equations: 
<a) y(t) = ~({)dyUydt-i-4xU) 
Ob) dy{tVdi + 3MD = *(*) 

ADVANCED PROBLEMS 

'2.40. (a) Consider an LIT svstem with input and output related through the equation 

J— m 

What is the impulse response h{t) far this system? 

(b) Determine the response of the system when the input x(t) is as shown in Figure 
PZ40\ 

x(t) 



- 1 2 I Figure P2.40 

2.41. Consider the signal 

x[n] -a n u[nl 

{») Sketch the signal g[n] = x[n] - ax[n - ]]. 

(b) Use the result of part (a> in conjunction with properties of convolution in order 
to determine a sequence h[h] such diat 

x[n] * AM = M J {u[ti + 2] - «[n - 2]}. 
2*42, Suppose that the signal 
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and the signal 

hit) = * J " 4 '. 

(a) Determine a value of wo which ensures that 

where y(|) - jtft) * ft(0- 

(b) Is your answer to the previous pan unique? 

2*43. Oneof the important propertiesofconvalutiori, in both continuous and discrete time, 
is the associativity property. In this problem, we will check and illustrate this prop- 
erty, 
(a) Prove the equality 



lx(?) * h(t)] * g(t) = x(t) * \h{t) * g{t)} 
by showing that both sides of eq. (P2,43-!> equal 



(P2.43^1) 



a 



x(T)h(tr)g(t - r - tr)didtf 



(b) Consider two LTI systems with the unit sample responses A^[n] and hj[n] 
shown in Figure P2.43(a) r These two systems are cascaded as shown in Figure 
P2.43(b), Let x[n] = u\n]. 



* ■ * * 



h,[n)-(-jru[nl 



U 



r 



2 



hj[n] = u[n] +iu[n-l] 
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Figure PZ.43 
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(i) Compute y{n] by first computing w[n\ = x[n] * h\[ii\ and then computing 

y[n] = w[n] # h 2 [n]; that is, y[n] = [x[n] * h\ [*]] * h 2 [nl 
(ii) Nou find y[«] by first convolving /ij[n] and h 2 [n} to obtain g[n] = 
h\\ri\ * h 2 [n] and then convolving x[n] with ^l*i} to obtain y\ii\ = 
xW+lhAnl + hiin}]. 
The answers to (i) and (ii) should be identical, illustrating the associativity prop- 
erty of discrete-time convolution, 
(c) Consider the cascade of two UH systems as in Figure P2,43(b), where in this 
case 



and 



and where the input is 



h\[n] = sin 8m 

hiM = o n u[n). \a\<\. 

x[n] = &[n]-a$[n - 1]. 



Determine the output y[n]. (Hint: The use of the associative and commutative 
properties of convolution should greatly facilitate the solution ) 
2.d4, (a) If 

x(0 = 0. |r| > r, h 
and 

h{t) = 0, |f| > T 2t 
then 

x{t) *h(t) = a |([>7j 

for some positive number 7 3 , Express T^ in terms of T\ and T 2 - 

(b) A discrete-rime LTl system has input x[n], impulse response h[n], and output 
>-[«]. If h[n] is known to be zero everywhere outside the interval JV -^ n ^ 
N\ and x[ri\ is known to be zero everywhere outside the interval N^ ^ n ^ 
Af 3 , [hen the output y\n] is constrained to be zero everywhere, except on some 
interval N t ^ n ^ N 5 , 

(i) Deteimine N4 and JV 5 in terms of *f 0t N\.Nz, and #3 . 

(ii) If the interval N G ^ n ^ N\ i& of length A/ Al JV2 ^ n s /V3 is of length 

ftf x , *nd A r 4 s n ^ ,V 5 is of length \f yt express M y in terms of A/a 

and Mj. 

(c) Consider a ihscrete-time LTI sy stem with the property that if the input x[n] = 
for all n > 10, then the output y[/r] = for all n £: 15. What condition musi 
h[n], the impulse response of the system, satisfy for this to be true? 

id) Consider an LTl system with impulse response in Figure P2,44, Over what in - 
terval must we know x(t) in order to determine yfO)"? 
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G t Figure PZ.44 



2.45. (a) Show that if the response <rf an LT1 system to *(i) is the output ^(f)> tnen the 
response of the system to 



x\t) = 



dx(t) 
dt 



is y'(0* Do this problem in three different ways: 

(i) Directly from the properties of linearity and time invariance and the fact 
(hat 



a— *o 



x(t) - x{t - h) 



(ii) By differentiating the convolution integral, 
(iii) By examining the system in Figure P2.45. 



x(t) 



"iffl 



H 



m 



y(t) 



Figure Pi AS 



(b) Demonstrate the validity of the following relationships: 
(i) >'(r)-x<r)*A'(0 

[Hint: These arc easily done using block diagrams as in (iii) of part (a) and the 
factthat jij(r)*H-|(0 = 5</).] 

(c) An LIT system has the response y(t) - sinter to input x(j) = e~ i! u{s). Use 
the result of part (a) to aid in determining the impulse response of this system, 

(d) Let s{t) be the unit step response of a continuous-time LTI system. Use part (b) 
to deduce that the response y(0 to the input x(t) is 



y(r) 



-D' w 



* s{t - r)dr. 



(P2,45-l) 



Show also that 






[P2.45-2) 
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(e) Use eq. (PZ45-1 ) to determine the response of an LTI system with step response 

to the input jr(0 ~ f'uCr). 
(0 Let s[ri] be the unit step response of a discrete-time LTI system. What are the 
discrete-time counterparts of eq& (P2.45-1) and (P2.45-2)? 

2*46. Consider an LTI system S and a signal x{t) = 2e~*u(t - 1). If 



xti) — » y(t) 



and 

dx(t) 



-ii. 



-3y(0 + ^«<0. 



determine the impulse response MO of S, 

2.47. We are given a certain linear time- invariant system with impulse response Ao(0- We 
are told that when the input is xq(() the output is yo{t). which is stetched in Figure 
P2 r 47, We are then given the following set of inputs to linear time-invariant systems 
with the indicated impulse responses: 

Input x(t) Impulse response MO 



(a) x(t) - 2*0(1) 




MO = WO 


(h) X{t) = Jfo(|> - Jf <f " 


-2) 


MO = WO 


(c) i(i) = xq(/ - 2) 




MO = h£t ■¥ 1) 


(d> x(t) = xoi-t) 




MO = WO 


(e) jf(/) = x {-t) 




MO = W-0 


(!) jcW = *i(0 




MO = %<0 



[Here .x^f) and h^{f) denote the fiTSt derivatives of x^f) and W0> respectively.] 



Voffl 



O £ t Figure P2,47 

In each of these cases, determine whether or not we have enough information 
to determine the output yit) when the input is x(t) and the system has impulse re- 
sponse hit). If it is possible to determine ><0> provide an accurate sketch of it with 
numerical values clearly indicated on the graph. 
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2,48. Determine whether each of the following statements concerning LTI systems is true 
or false. Justify your answers. 

{a) If hir) is the impulse response of an LTJ system and hit) is periodic and nonzero, 
the system is unstable. 

(b) The inverse of a causal LTI system h always causal, . 

(c) If \h[n]\ ^ K for each n, where K is a given number, then the LTI system with 
h\n\ as its impulse response is stable. 

(d) If a discrete-time LTI system has an impulse response hf/t] of finite duration, 
the system is stable 

<e) If an LTI system is causal, it ls stable, 

(0 Hie cascade of a noncausal LIT system with a causal one is necessarily non- 
causal. 

(g) A continuous 'time LTI system is .stable if and only if its step response s(i) is 
absolutely integrablo — -that is, if and only if 

-ji 
\s{i)\dt<™ 

(h) A discrete-time LTI system is causal if and only if its step response s[n] is zero 
for n < 0. 

2A9. In the text, we showed that if h[n\ is absolutely summabLe, i.e., if 

jt= -* 

then the LTI system with impulse response h[n] is stable. This means thai absolute 
summabiUty is a sufficient condition for stability. In this problem, we shall show 
that it is also a necessary condition. Consider an LTI system with impulse response 
h\n] that is not absolutely summable; that is, 



(a) Suppose that the input to this system is 



Does this input signal represent a bounded input? If so, whit is the smallest 
number B such that 

\j([n]\ ^ B for all n? 
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(b) Calculate the output at n = [> for this particular choice of input. Does the re- 
sult prove the contention that absolute summability is a necessary condition for 
stability? 

(c) In a similar fashion, show that a continuous-time LTI system is stable if and 
only if its impulse response is absolutely integrable. 

2-50. Consider the cascade of two systems shown in Figure P2.50. The first system. A 7 is 
known to be LTI. The second system, ft is known to be the inverse of system A. l^et 
vi (f) denote the response of system A to jrp(i), and let y?(f) denote the response of 
system A to x 2 (t). 



LTI 

System 
A 



vit) 



System 
B 



+-x(t) 



Figure P2.S0 



(a.) What is the response of system B to the input ayj(f) +■ bytft), where a and h are 

constants? 
(b) What is the response of system B to the input y\{t - r)^ 

2.51. In the text, we saw that the overall input-output relationship of the cascade of two 
LTI systems does not depend on the order in which they are cascaded. This fact, 
known as the commutativity property, depends on both the linearity and the time 
irwariance of both systems. In this problem, we illustrate the point, 
(a) Consider two discrete-time systems A and B t where system A is an LTI system 
with unit sample response h[n] = (l/2) n u[n]. System B> on the other hand, is 
linear but time varying. Specifically, if the input to system B is w[n] t its output 



is 



z[n] — nw[ri\. 

Show that the coromutativity property does not hold for these two systems 
by computing the impulse responses of the cascade combinations in Figures 
P2.5l(a) and P2.5l(b) T respectively. 



System 
A 




System 

D 


— ^ y[nj *[n] **■ 


System 
B 




System 
A 








(a) 




Figure P2.5T 




(b) 





V[n] 



(b) Suppose that we replace sysiem B in each of the interconnected systems of 
Figure P2.51 by the system with the following relationship between its input 
w[ri] and output z{n]: 

Z\n] = w[*}+2. 

Repeat the calculations of part (a) in this case. 
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2,52, Consider a discrete-time LT1 system with unit sample response 

h[n\ = (n f IVufrtJ- 
where |a| < L Show that the step response of this system is 

1 



s[n] = 
[Hint: Note that 



Of 



Ja- I) 2 (a - \f 



**" + 



a 



<<*- 



{« + ])a' J 



w n . 



A' 

it -a 



,Vh I 



(^^^Z 4 ') 



fr=o 



2*53. (fl) Consider the homogeneous differential equation 

^ d k y<0 



«J 



k=l\ 



dtk 



= 0, 



(P2.53-1 ) 



Show that if $ {J is a solution ot the equation 






(P2.53-2* 



then Ae^' is a solution of eq. (P2.53-1X where A is an arbitrary complex con- 
stant, 
(b) The polynomial p(s) in eq. (P2.53— 2) can be factored in terms of its roots 
Ji, . . . ,i> as 

p(s) = a N {s - f,)' T '(j - j,)^ r r .{j - ^)^. b 

where the $ t are the distinct solutions of eq, iP2,53-2) and the cr, are their 
multiplicities — that is, the number of times each root appears as a solution of 
the equation. Note that 

(T\ 4- 0"2 + . . . -i- ov = N. 

In general, if <r s > I h then not only is At** 1 ' a solution of eq. (P2.53-1 ). 
hut so is At J e r,t t a& long as; is an integer greater than or equal torero and lesi 
than or equal to &i - I. To illustrate this, shuw that if it; = 2 t then Ale" ■' is a 
solution of eq. (P2.53-1). [Hint: Show that if s is an arbitrary complex number, 
then 



~di k 



2 

i=0 



= Ap{sW f +A^±e ii .] 
as 
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Thus, the most general solution cf eq. (P2.53-1) is 

where the A tJ are arbitiaiy complex constants. 
(c) Solve the following homogeneous differential equations with the specified aux- 
iliary conditions: 
(i) <££li + ylM h- 2> -(/) = a y(0) = 0. V(0) = 2 

(ii) ^ + 3^r + 2 y(0 = a y(0) = I y<0> = -i 

(iii) £$l + 3^1 + 2 j</) - a y<£» = 0. y'tO) - 
<iv) ^01+2^ + yW = 0, y(0) = J, y'(C) = 1 
(v) ^ + ^ - ^ - y(t) - 0, 3<0) = 1. y«f) = 1. y"(0) - "2 
(vi) ^ + 2^ + 5y(t) = 0, y(0) = 1. /(O) = 1 
IL54, {a) Consider the homogeneous difference equation 

X^^l -0, (P2,54^t) 

fc=o 

Show that if tty is a solution of the equation 

then Az^ is a solution of eq- (P2.54— 1), where A is an arbitrary constant. 
(b) As it is more convenient for the moment to work with polynomials that have 
only nonnegative powers of t, consider the equation obtained by multiplying 
both sides of eq. (P2.54-2) by z?: 

Jt = 

The polynomial p{i) can be factored as 

where the £j z r are the distinct roots of p(z). 

Show that if y{ri] - nz"~\ihea 

Use this fact to show that if 0; = 2, then both Az" and tfrtzf" ' are solutions of 
eq, (P2.54-I) > where 4 and B are arbitrary complex constants. More generally, 
one can use this same procedure to show thai if <r, > I T then 
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r\{n -r)! 

is a solution of eq. (P2.54-1) for r - t \ ar< , - 1 , 7 

<c> Solve the following homogeneous difference equations with (he specified aux- 
iliary conditions: 

tf> yW + H" - U + S>'[«- 2] = O; y[0] = 1, y[l] = -6 
(ii> yt*) - 2y\n - 1] 4 flu - 2] = O; ylO] = 1. >f I] = 
(iii) ?{«] - 2y[rc - 1 ] + y[fi- 2] - 0; y[Gj = 1. y[10] = 21 

(iv) >{*] - 4y[n - J] + Jy[n -2] = 0; y[Q] = 0. y[-\] = 1 

2JSS* In the text we described one method for solving linear constant-coefficient difference 
equations, and another method for doing this was illustrated in Problem 2.30. If the 
assumption of initial rest is made so that the system described by the difference 
equation is LTI and causal, then, in principle, we can determine the unit impulse 
response h[n] using either of these procedures. In Chapter 5 T we describe another 
method that allows us to determine h[n) in a more elegant way In this problem we 
describe yet another approach, which basically shows that h[n] can be determined 
by solving the homogeneous equation with appropriate initial conditions, 

(a) Consider the system initially at rest and described by the equation 

J-N-^t«-l] = *["]- (P2.55-J) 

Assuming that x[n] - 6[nl, what is yl n l? What equation does h[n\ satisfy 
for n ^ i y and with what auxiliary condition? Solve this equation to obtain 
a closed-form expression for k[ri]. 

(b) Consider ne*t the LTF system initially at rest and described by the difference 
equation 

J>[»] ~ ^y[n ~\] = x[n] + 2x[n - 1]. (F2.5S-2) 

This system U depicted in Figure P2 .55(a) as a cascade of two LTI systems that 
are initially at rest; Because of the properties of LTI systems, we can reverse 
the order of the systems in the cascade to obtain an alternative representation 
of the same overall system, as illustrated in Figure P2 J 55(b), From this fact, 
use the result of part (a) to determine the impulse response foT me system de- 
scribed by eq, (P2.55-2), 

(c) Consider again the system of part (a), with k[n] denoting its impulse response. 
Show, by verifying that eq. (P2.55-3) satisfies the difference equation (P2.55- 
1), that the response y[n\ to an arbitrary input jt[ri] is in fact given by the con- 
volution sum 

y\n] = ^T h[n- m]x[m). (P2.55-3) 

m— — ^ 

'Hc^weareusingfatfonalixitaljuri— that lb, fr! = Jb(Jt - ]>(*- 2) . (2XI),wh#reu!isdennediubc I 
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x[n] 



*[n} = *En] + 2x(n-1} 



m 



V[n]-^yln-1]=7[n] 



y[n} 



(a) 



xfnj 



win] -Tjwfn-T) = x[n1 



wfn] 



tfn} =^ w^n] + 2wfn-1] 



W 



figure P2. 5 5 

(d) Consider the LTI system initially at rest and described by the difference equa- 
tion 



!* 



y*a t y[n-k] 

*-0 



4«1 



(P2.55-4) 



Assuming that oq ¥* 0\ what is y[0] if x[rt] = £[*]? Using this resuJt, specify 
the homogeneous equation and initial conditions that the impulse response of 
the system must satisfy. 

Consider next the causal LTI system described by the difference equation 



N M 

k=0 k=0 



{P2.55-5) 



(e) 



Express the impulse response of this system in terms of that For the LTI system 
described by eq. (P2.55-4). 

There is an alternative method for determining the impulse response of the LTI 
system described by eq. (P2.55-5), Specifically, given the condition of initial 
rest, Le. + in this case, y{-N] = y[-N + 1] = ., + = y[— 1] = 0, solve eq. 
(P2.55-5) recursively when x[n] - 5[n] in order to determine y[0\,-. . . t y[M\ 
TVhat equation does h{n\ satisfy for n &■ Ml What are the appropriate initial 
conditions for this equation? 
(0 Using either of the nftethods outlined in parts (d) and ie) t find the impulse re- 
sponses of the causal LTI systems described by the following equations: 
(i) yM - y[n -2] = x[n] 
(ii) y[n] - y[n - 2 j - x[n] + 2x[n - 1 J 
(iii) y[n] - y[n - 2] = 2x[n] - 3x[n - 4] 
(iv) y[n] - (V3/2)y[n -11 + \y{n - 2] = x[n\ 

2S6. It this problem, we consider a procedure that is the continuous-time counterpart of 
the technique developed in Problem 2.55. Again, we will see that the problem of 
detennining the impulse response h{i) for / > for an LTI system initially at rest 
and described by a linear constant- coefficient differential equation reduces to the 
problem of solving the homogeneous equation with appropriate initial fonditians. 
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(a) Consider the LTI system initially at rest and described by the differential equa- 
tion 

^p.+2y(t)^ x(t). (P2.56-1) 

Suppose that x(t) — 8u}. In order to determine the value of y(t) immediately 
after the application of the unit impulse, consider integrating eq. {P2.56-1 ) from 
f = 0~ to / = 0* (i.e., from "just before" to '^just after" the application of the 
impulse). This yields 



■r 

Ju 



y(0')- >-(0") + 2 [ y(r)dr - | S{r)dr = 1. (P2.5G-2) 



Since die system is initially at rest and x(t) = for r < 0, y{0~ > = 0. To satisfy 
eq. (P2.56-2) we must have y(0 + ) = L Thus, since *(f) - G for t > T the 
impulse response of our system is the solution of the homogeneous differentia] 
equation 

^ + 2*0 = 

with initial condition 

J<0 + ) = 1. 

Solve this differential equation to obtain the impulse response hit) for the sys- 
tem. Check your result by showing that 

y(t) - I h{t-T)x(r}dr 

satisfies eq, {P2.56-1) for any input x(t). 
(b) To generalize the preceding argument, consider an LTI system initially at rest 
and described by the differential equation 






with j(f) = §{r). Assume the condition of initial rest, which, since x{t) = Ofor 
t < 0, implies that 

v«r ) = ^«T) = . . . = ^T<0"> - 0, (P2.56-4) 

Integrate both sides of eq. (P2.56-3) once from t = 0" to i = Q + , and use 
eq. (P2.*6-4) and an argument similar to that us«d in part (a) to show that the 
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resulting equation is satisfied with 

ii 

dt 



y(0 + )^ £?(0 + )«_- 






and 



rW-2, 



* ifO + i = ~ 



(P2.56-5u) 



(P2,56-5fr) 



Consequently, the system's impulse response for/ > can be obtained by solv- 
ing the homogeneous equation 



JKQ 



<ir* 



with initial conditions, given by eqs. (P2.55-5). 
(c) Consider now the causal LTI system described by the differential equation 






Jt = 



**** " 



(P2.56-6) 



Express the impulse response of this system in terms of that for the system of 
part (b). (Hint: Examine Figure P2.56.) 



k = dr 



v^t) 



■+- 






y(t) 



figure P2.56 



(d) Apply the procedures outlined in parts (b) and (c) to find the impulse responses 
for the LTI systems initially at rest and described by the following differential 
equations: 

(ii , 4ffi + 2 iJ|fi + 2y(rt = x(0 

it) Use the results of parts (b) and (c) to deduce that if M > A in eq. fP2.56-6), 
then the impulse response h(t) will contain singularity terms concentrated at 
t = 0. In particular, A(/> will contain a term of the form 

M-N 
r = Q 

where the a r are constants ami the w r (r) are the singularity functions defined in 
Section 2,5. 
(f) Find the impulse responses of the causal LTI systems described by the following 
differentia 1 equations: 

(i) ^ + 2y(r) = 3^1 + x(t) 
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2*57. Consider a causal LTI system 5 whose input x[n] and output y[n\ are related by the 
difference equation 

y[n] = - ay[n — 1 ] + fo^jcl-n] + &i x[n — \\. 

(a) Verify that S may be considered a cascade connection of two causal LTI systems 
Si and 5j with the following input-output relationship. 

5] :yi[«3 = *o*i[«] + £i*ilfl - I]. 
£2 : y^lX! = -fl^O* - 1] + ^["1 

(b> Draw a block diagram representation of Si . 

(c) Draw a block diagram representation of Si. 

(d) Draw a block diagram representation of S as a cascade connection of the block 
diagram representation of S\ followed by the block diagram representation 

ofS 2 - 

(e) Draw a block diagram representation of $ as a cascade connection of the block 
diagram representation of S-. followed by the block diagram representation 
at S^ 

(f) Show that the two unit-delay elements in the block diagram representation of S 
obtained in part (e) may be collapsed into one unit-delay element. The result- 
ing block diagram is referred to as a Direct Form //realization of £ v white the 
block diagrams obtained in parts (d) and (e) are referred to as Direct Form I 
realizations of 5. 

2j5& Consider a causal LTI system 5 whose input x[n] and output y[n] are related by the 
difference equation 

2y[n] - y[n - 1J + y[n - 3] * x[n] - 5x[n - 4]. 

(a) Verify that S may be considered a cascade connection of two causa! LIE systems 
S\ and i^ with the following input-outpui relationship: 

Si:2y,[Pi] = *,[B]-5*iln-4}, 

Si : yzM = ^y 2 [n - 1] - ~y 2 [n - 3] +- x 2 [n]. 

(b) Draw a block diagram representation of 5| , 

(c) Draw 3 block diagram representation of S^ . 

(d) Draw a block diagram representation of 5 as a cascade connection of the block 
diagram representation of S[ followed by the block diagram representation 
of5 2 . 

(e) Draw a block diagram representation of S as a cascade connection of the block 
diagram representation of Sj followed by the block diagram representation 
of S t . 

(f) Show that the four delay elements in the block diagram representation of 5 
obtained in part (e) may be collapsed to three. The resulting block diagram 
is referred to as a Direct Form II realization of S, while the block diagrams 
obtained in parts (d) and (e> are referred to as Direct Form J realizations of 5. 
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2,59. Consider a causal LTI system S wtw.se input j(r) and output yO) are related by the 
differencial equation 



dt "^' " w " dr 



(a) Show that 



v(f) = A \ y(f)dr + Bx(t) + c[ j(t)(/t> 

and express the constants .4, A, and C in terms of the constants a^, o r , fc , 
and b|. 
(b) She w that 5 may be considered a cascade connection of the fi>] lowing two causal 
LTI systems; 



5, :yi(t) = Bx t (0*-C\ x{r)dr, 
Si : yiti) = a\ ja(T) rfr + a 2 (/>. 



(c) Draw a block diagram representation of S\ . 

(d) Draw a block diagram representation of S2 

(e) Draw a block diagram representation of S as a cascade connection of the block 
diagram representation of S\ followed by the block diagram representation 

ofS 2 , 

(f) Draw a block diagram representation of S as a cascade connection of the block 
diagram representation of S 2 followed by the block diagram of representa- 
tion S\ . 

(g) Show that the two integrators in your answer to part (f) may be collapsed into 
one. The resulting block diagram is referred to as a Direct Form II realization 
of S, while the block diagrams obtained in parts (e) and (f) are referred to as 
Direct Form I realizations of S. 

2,fKK Consider a causal LTI system S whose input jc{t) and output y{t) are related by the 
differential equation 



Q2 ~dtT + a 'dT + w(f) = ^ X[n + bl dt + *-~S^- 



d 2 y(n t dy(t) , ^ L , x L dx(t) L d 2 Mt) 

h " — -- * — * 1 1 

la) Show that 

y(t) = A\ y(r)dT+ B\ [} y(tr)dtr\dT 

+ Cx(t) + D\ xir)dt + E\ [I x(fr)da-}dT, 



)j' x{r)dr + fif iV x(<r)d<r\ 
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and express the constants A, B T C T D y and E in terms of the constants do, a iy #2> 
fro, fr| t and ii^, 
(b) Show that S may be considered a cascade connection of the following two causal 
LTI systems: 



5, : yi (t) = CXiiO^-Dl xt{T)dT + E 



tc> Draw a block diagram representation of Si . 

(d) Draw a block diagram representation of Ss . 

(e) Draw a block diagram representation of 5 as a cascade connection of the block 
diagram representation of S\ followed by the block diagram representation 
of 5 : , 

(f) Draw a block diagram representation of S as a cascade connection of the block 
diagram representation of S 2 followed by the block diagram representation 
ofS, T 

(g) Show that Ebe four integrators in your answer to part (f) may be collapsed into 
two. The resulting block diagram is referred to as a Direct Form II realization 
of 5, while the block diagrams obtained in parts (e) and (f ) are referred to as 
Direct Form f realizations of S. 

EXTENSION PROBLEMS 

2.61. (a) In the circuit shown in Figure P2.6l(a) r x(t) is the input voltage. The voltage 
y(t) across the capacitor is considered to be the system output. 



L= 1H 




(a) 



Figure P 2.6 fa 



(i) Determine the differential equation relating x{t) and y(t\ 

(ii) Show that the homogeneous solution of the differential equation from part 

(i) has the form K^e^' + K 2 e JUi '. Specify the values of ai andw 2 . 
(iii) Show that, since the voltage and current are restricted to be real, the natural 

response of the system is sinusoidal. 



1*4 
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(b) In the circuit shown in Figure P2.61(b>, x{t) is the input voltage. The voltage 
y{r} across the capacitor ii, considered to be the system output. 

J WWW 




{b> 



Figure P2.6 1 b 



(i) Determine the differential equation relating x\t) and y(f) 
(ii) Show that ihe natural response of this system has the form Ke ~ ct , and spec- 
ify the value of a. 
(c) In the circuit shown in Figure P2 r 6l(c), x(t) is the input voltage. The voltage 
y(t) acro&s the capacitor is considered to be the system output. 




to 



Figure P2. 61c 



(i) Determine the differential equation relating x(t) and y(/) r 

(ii) Show that the homogeneous solution of the differential equation from part 

(i) has the form e'^iKie^ + K 2 e~ j2f }+aiui specify the value of a, 
(iii) Show that, since the voltage and current are restricted to be real, the natural 
response of the system is a decaying sinusoid, 

2,62. (a) In the mechanical system shown in Figure P2.o~2(a} T the force *(r) applied to 
the mass represents the input, while the displacement j(r) of the mass repre- 
sents the output. Determinethe differential equation relating x(t) and y{t). Show 
that the natural response of this system is periodic 

(b) Consider Figure P2,62(b) T in which the force x{t) is the input and the velocity 
y{t\ is the output. The mass of the car is m t while the coefficient of kinetic fric- 
tion is p. Show that the natural response of this system decays with increasing 
time. 

(c) In the mechanical system shown in Figure P2.62(c) t the force x{t) applied to the 
mass represents the input, while the displacement y(t) of the mass represents 
the output. 
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K*=2NAn 




m = 1 ,DOO Kg 



»>) 




K - Spring constant = 2 N/m 

m ~ Mass = 1 Kg 

b = Damping constant = 2 N-s/m 



Figure P2.62 



(i) Determine the differentia] equation relating x(t) and y(t). 

(ii) Show [hat the homogeneous solution of the differential equation, from part 

(0 has the form tf _aE {£]£ jl + ^e - * 1 }, and specify the value of a, 
(iii) Show that, since the force and displacement arc restricted to be real, the 

natural response of the system is a decaying sinusoid. 
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2.63. A $ 1 00,000 mortgage is to be retired by equal monthly payments of D dollars. In- 
terest* compounded monthly, is charged at the rale of 12% per annum on the unpaid 
balance; for example, after the first month, the total debt equals 

$100,000 + (~)S100.000 = $101,000. 

The problem is to determine D such that After a specified time the mortgage is paid 
in full, leaving a net balance of zero. 

(a) To set up the problem, let y[n] denote the unpaid balance after the /tth monthly 
payment. Assume that the principal is borrowed in month and monthly pay- 
ments begin in month 1. Show that y[n] satisfies the difference equation 

y[n) - yy[n -!] = -£» n ~ I (P2,63-l) 

with initial condition 

>[0] = $100,000, 

where y is a constant- Determine y. 

(b) Solve the difference equation of part (a) to determine 

>[n] for n > 0. 

(Hint: The particular solution of eq. (P2.63-1) is a constant Y. Find the value 
of V\ and express y[n\ for n > 1 as the sura of particular arid homogeneous 
solutions. Determine the unknown constant in the homogeneous solution by 
directly calculating y[lj from eq. (P2.63-U and comparing it to your solution.) 

(c) If the mortgage is to be retired in 30 years after 360 monthly payments of D 
dollars, determine the appropriate value of D. 

(d) What is the total payment to the bank over the 30-year period? 

(e) Why do banks make loans? 

2*64, One important use of inverse systems is in situations in which one wishes to remove 
distortions of some type. A good example of this is the problem of removing echoes 
from acoustic signals. For example, if an auditorium has a perceptible echo, then 
an initial acoustic impulse will be followed by attenuated versions of the sound ar 
regularly spaced intervals. Consequently, an often -used model for this phenomenon 
is an LTT system with an impulse response consisting of a train of impulses, ke. t 

hit) =^Th k Sti-kTy (P2 64^1) 

Here the echoes occur T seconds apart, and h. k represents the gain factor on the Jtth 

echo resulting from an initial acoustic impulse. 

(a) Suppose that j(f) represents the original acoustic signal {the music produced 
by an orchestra, for example) and that y(r) = x(t) * h(t) is the actual signal that 
is heard if no processing is done to remove the echoes. In order to remove the 
distortion introduced by the echoes, assume that a microphone is used to sense 
y{T} and that the resulting signal is transduced into an electrical signal. We will 
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also use y(f) to denote this signal, aa it represents the electrical equivalent of 
the acoustic signal, and we can go from one to the other via acoustic-electrical 
conversion systems. 

The Important point to note is that the system with impulse response given 
by eq. (P2.64-1) is invertible. Therefore, we can find an LT1 system with im- 
pulse response g(f) such that 

and thus, by processing the electrical signal y{t) in this fashkn and then con- 
verting back to an acoustic signal, we tan remove the troublesome echoes. 
The required impulse response git) is also an impulse train: 

DC- 

t-o 

Determine the algebraic equations that the successive g k must satisfy, and solve 
these equations for gn, g\ y and g-± in terms of h^. 

(b) Suppose that Ao ^ 1, hi = 1/2, and h t = far all i ^ 2 What is git) in this 
case? 

(cj A good model for the generation of echoes is illustrated in Figure P2.64. Hence, 
each successive echo represents a fed-back version of y(f), delayed by T sec- 
onds and scaled by a. Typically, < a < 1, as successive echoes are attenu- 
ated. 



D&'.fly ^ 



-*~m 



Figure P2.64 



(i) What is the impulse response of this system 41 (Assume initial rest, i.e., 

}<r) = for* < if x(n = for t < 0.) 
(ii) Shi™ that the system is stable if < a < 1 and unstable if a. > L 
(iii) What is #(0 in this case? Construct a realization of the inverse system 
using adders, coefficient multipliers, and T-second delay elements. 
{d) Although we have phrased the preceding discussion in terms of continuous-time 
systems because of the application we have been considering, the same general 
idea* hold in discrete intie. That is, the LTI svstem with impulse response 



t-o 
is invertible and has as its inverse an LTI system with impulse response 

*=0 
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It is not difficult to check that the g r satisfy the same algebraic equations as in 
part (a). 

Consider now the discrete-time LTI system with impulse response 

This system is not invertible. Find two inputs that produce the same output. 

2*65, In Problem L45, we introduced and examined some of the basic properties of cor- 
relation functions for continuous-time signals. The discrete-time counterpart of the 
correlation function has essentially the same properties as those in continuous time, 
and both are extremely important in numerous applications (as is discussed in Prob- 
lems 2.66 and 2,67), Jn this problem, we introduce the discrete-time correlation 
function and examine several more of its properties. 

Ltt x{n\ and y[n\ be two real-valued disciete-time signals. The autocorrela- 
tion functions <^t*[™| and ^ V v( n ] °f *M an< J yW* respectively, are defined by the 
expressions 

and 

and the rrojs-correJarii™/w/irt!V)rts are given by 

4 J 

<tavl>] - ^ *["» + n]>"[it|] 

m= -■*■ 

and 

As in continuous time, these functions possess certain symmetry properties. Specif- 
ically, <^ TT [rtl and <j^ v [sil are even function*, while r ,[n] — <£n{""]- 
(aj Compute the autocorrelation sequences for the signals Jrj[n}, ^[n^x^n* and 
JCi[tt] depicted in Figure P2.65. 

(b) Compute the cross-correlation sequences 

<**,*>]. i* j- ij = 1,2.3.4, 

fi.irjc t [n] p i = 1, 2. 3,4, as fch^u/n in Figure P2.65, 

(c) Let r I a] be the input to an LTI sy stem with unit sample respe nse h \ n ] , and let the 
corresponding output be y[rj]. Find expressions for <^„[n] and <£„.[n] in lerms 
of ^n[n] and fc[n]. Show how tf> (l £n] and $wlrcl can be viewed as the output 
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1 T T T *i [n] 
* * * * ' — ' — ' * ■ ■ 



a i 2 3 



* » * ' — I ' t ■ * * 



*2 



Jill 



*a[n] 



**[n] 



J r 



-1 1 



Figure PZ.65 



of LTI systems with <j> xx [n] as the input. (Do this by explicitly specifying we 
impulse response of each of the two systems.) 
(d) Let h[ri] = x\ [ri] in Figure P2.65, and let y[n] be the output of the LTI system 
with impulse response h[n] when the input *[n] also equals *][n]. Calculate 
tf>xy[ri\ and <t* yy [ri\ using the results of part (cj. 

2jS*. Let Ai(f), hi(t), and fti(f) 5 as sketched in Figure P2 + 66, be (he impulse responses 
of three LTI systems. These three signals are known as Walsh Junctions and are of 
considerable practical importance because they can be easily generated by digital 
logic circuitry and because multiplication by each of them can be implemented in a 
simple fashion by a polarity-reversing switch. 
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Figure P2.66 



(a) Determine and sketch a choice for tj (t\ a continuous-time signal with the fol- 
lowing properties: 

<i) jC|(f)i$reaL 

(ii) jci(r) = Oforf < 0. 

(iii) LMOl ^ Iforf ^ 0. 

(iv) y ( (r) = X}(t) * k(i) is as large as possible at t = 4. 

(b) Repeat part (a) for *?(?} and jr 3 (f) by making 75(f) - Jt2{f) * ^(0 and >3<f} - 
*j(0 * kiti) each as large as possible at r = 4, 

(cj What is the value of 

yd*) = *,(*) * hj(r)> i * J 
at time t = 4 for i, j = 1, 2 H 3? 



no 
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The system with impulse respond h,{t) is known as the marched filter 
for the signal x T {t) because the impulse response is tuned to x,it) in order to 
produce the maximum output signal. In trie next problem, we relate the concept 
of a matched filter to that of the correlation function for continuous-time signals 

2.67, The cross -correlation function between two continuous-time Teal signals .i(r> and 

\V) is 






(P267-1) 



*m 



The autneanvtation function of a signal x{t) is obtained bv helling \(r) =- r(/> in 
cq. (P2.G7-1). 



r + 



^i f (0 = I x\r fT),i(r)(/T, 

(a) Compute the autocorrelation function for each of the two signals x\U) and jM/) 
depicted in Figure P2.67(a), 
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<b) Let a(H be a given signal, and assume that x(?) is of finite duration — i.e„ that 

x{t) ■* for r < and t > 7\ Find the impulse response of an L7T system so 

that (^ u (j - r) is the output if \(t ) is the input, 
(c) The system determined in pan (b) is a marched filler for the signal \{t) That 

this definition of a matched filter is identical to the one introduced m Problem 

2,66 can be seen from the following: 
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Let x(t) be as in part (b\ and let y(t) denote the response 10 x(t) of an 
LT1 system with real impulse response h(t). Assume that h(i) = for i < 
and for t > T . Show that the choice for h(t) that maximizes y(T)+ subject to the 
constraint that 

h 2 U)di = M, a fixed positive number, (P2.67-2) 

Jo 

is a scalar multiple of the impulse response determined in part <b). [Hint: 
Schwartz's inequality states that 



a 
h 






1/2 r b -.1/2 

.2 



v\t)dt 



for any two signals u(r> and v(t}. Use this to obtain a bound on y{T).] 
(d) The constraint given by eq. (P2,67-2) simply provides a scaling to the impulse 
response, as increasing M merely changes the scalar multiplier mentioned in 
part (c). Thus, we see that the particular choice for hit) in parts {b) and (c) is 
matched to the signal x{t) to produce maximum output. This, is an extremely 
important property in a number of applications, as we will now indicate. 

In communication problems* one often wishes to transmit one of a small 
number of possible pieces of information. For example, tf a complex message 
is encoded into a sequence of binary digits, we can imagine a system that trans- 
mits the information bit by bit. Each bit c aft then be transmitted by sending one 
signal, say H jr {» , if the bit is a T or a different signal x t {t) if a 1 is to be com- 
municated. In this case, the receiving system for these signals must be capable 
of recognizing whether x ty (t)oT j] it) has been received. Intuitively, what makes 
sense is to have two systems in the receiver, one tuned to jr (./) and one tuned 
to X)\t) x where, by "tuned," we mean that the system gives a large output after 
the signal to which it is tuned is received. The property of producing a large 
output when a paiticuJar signal is received is exactly what the matched filter 
possesses. 

In practice, there is always distortion and interference in the transmission 
and reception processes. Consequently, we want to maximize the difference be- 
tween the response of a matched filter to the input to which it is matched and 
the response of the filter to one of the other signals that can be transmitted. To 
illustrate this point, consider the two signals x^t) and x^i) depicted in Fig- 
ure P2.67(b). Let Z<] denote the matched filter for X(,(t), and let L x denote the 
matched filter for x t {t). 

(i) Sketch the responses of U) to *o<0 and Jf] (/). Do the same for L { , 
(ii) Compare the values of these responses at t — 4 T How might you modify 
xrft) so that the receiver would bave an even easier job of distinguishing 
between xa(t) and j[(r) in that the response of £o to x^0) and £ L to x (t) 
would both be zero at t - 4? 

2.68. Another application in which matched filters arid correlation functions play an im- 
portant role is radar systems. The underlying principle of radar is mat an electro- 
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magnetic pulse transmitted at a target will be reflected by the target and will subse- 
quent]}! return to the sender with a delay proportional to the distance to the target- 
Ideally, the received signal will simply be a shifted and possibly scaled version of 
the original transmitted signal. 

Let pin he the anginal pulse that is sent out. Show that 

<f> tift (Q} =-■ maJt0 r (O 

That is. q^ F/F {0) is the largest value taken by <p ps ,it) Use this equation to deduce that, 
if the wavefurm that conies back to the sender is 

x{t) = apiT - t a ), 

where or is a positive constant, then 

&* p (fa) = max<£ rfh (/). 

[Hint: Use Schwartz's inequality.) 

Thus, the way in which simple radar ranging systems work is based on using a 
matched filter for the transmitted waveform p{t) and noting the time at which the 
output of this system reaches its maximum value, 

1.69. In Section 2.5, we characterized the unit doublet through the equation 



x(t)*Ui(T) = .r(/- T)tn{r)tlr = x\t) (P2.69-I) 

for any signal x(r). From this equation, we derived the relationship 

| g(T)itdT)dT - -ff'(O). <P2.69-2) 

(a) Show that eq. (P2.69-2) is an equivalent characterization of U] (/) by showing 
that eq. (P2.69-2) implies eq. (P2.69-1). [Him; Fix t t and define the signal 
S {7\ = j?(f - r).j 

Thus, we have seen that characterizing the unit impulse or unit doublet 
by how it behaves under convolution is equivalent to characterizing how it be- 
haves under integration when multiplied by an arbitrary signal #10 In fact, as 
indicated in Section 2.5, the equivalence of these operational definitions holds 
for all signals and, in particular, for all singularity functions. 

(b) Let /(r) be a given signal. Show that 

/(0«i(0= /(£))«!</> -/'(O)0(f) 

by showing that both functions have' the same operational definitions. 

(c) What is the value of 



Find an expression for /(f)i*2l0 analogous to that in part {b)for f{t)tii(t). 
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2.70, In analogy with continuous-time singularity fractions, we can define a set of 
discrete-time signals Specifically, let 



and 



and define 



and 



Note that 



and 



(a) What is 



(b) Show that 



«-if«] = b{b], 



Ui[n] = &[n]-S[n- 1], 



k time* 



^ — v — ? 

\t\ times 






^x[ m }udm]l 



tfn]iti[n] - jr[G]H|[«] - [*[1] - i[0J]5[h - 1J 
= *[l]w ( [n] - [x[l] - *[0]]6[ri]. 



(c) Sketch the signals u^[n] and u^[n]. 

(d) Sketch «_ 3 [it] and M-i[ft]. 

(e) Show that, in general, for k > 0, 



( — lyjfct 



(P2.70-1) 



(#im: Use induction. From pan (c), it h evident that u k [n] satisfies eq, 
(P2.7fM) for * = 2 and 3. Then, a&suming that eq. (P2J0-1) satisfies u ft [*] n 
write «t+i[n] in terms of !!*[«], and show that the equation also satisfies 
«t + i[rt].) 
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(0 Show that, in general, fori > 0, 






(P270-2) 



(Hint; Again, use induction. Note that 



« ia-hjM -u- iktit [n- 1] = u-dn\. 



(P2.70-3) 



Then, assuming that eq. (P2J0-2) is valid for w. *!ftJ-usecqaP2.70-3)toshow 
thateq. (P2.70-2) is valid for u iA-u[n] as well.t 

2.71. In this chapter, we have used several properties and ideas that greatly facilitate the 
analysis of LT1 systems. Among these are two that we wish u> examine a bit more 
clcseiy. As we will see, in certain very special cases one must he careful in using 
these properties, which otherwise hold without qualification, 
(a) One of the basic and most important properties of convolution (in both contin- 
uous and discrete time) is associativity. That is, if x{t). /»</), and g(/> are three 
signals, Ihen 

*(')*fo(0*MOJ = [m*&t)]*h(r) - [*(f)*A</>J**(a (P271-1I 

This relationship holds as long as all three expressions are well defined and 
finite. As that is usually the case in practice, we will in general use the asso- 
ciativity properly without comments or assumptions. However, there are some 
cases in which it does not hold. For example, consider the system depicted in 
Figure PZ.71, with k{t) = u\{t)andg(t) = u( t) .Compute the response of trm 
system to the input 

xtt) = 1 for all t. 



h{t) 



m 



y(t) 



m 



g(t) 



h(t) 



■*- vro 



Figure P2J\ 



Do this in the three d i ff eren t ways sug ges ted b y eq, ( P2 .7 1 - 1 ) and by the fi gure . 
(i) By first convolving the two impulse responses and then convolving the result 

with _tU ), 
(ii) By first convolving x(!) with u L U) and then convolving the result with u{i). 
(iiil By first convolving xu) with u(Oand then convolving the resuir with u\tn 
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lb) Repeat part (a) for 



*(f) - e 



and 



(c) Do the same for 



Ht) 


= € 


'«('), 




SCO 


* M 


(0+*(0- 




*[*] = 


©" 


. 




h[n] = 


ej 


u[n] h 




gin] = 


S[k] 


" f«« " 


1L 



Thus, in general, the associativity property of convolution holds if and 
only if the three expressions in tq. (P2,71-l) mate sense (i.e., if and only if 
their interpretations in terms of LTE systems are meaningful). For example, in 
part (a) differentiating a constant and then integrating makes sense, but the 
process of integrating the constant from r = -=° and then differentiating does 
not, and it is only in such cases that associativity breaks down. 

Closely related to the foregoing discussion is an issue involving inverse 
systems. Consider the LTI system with impulse response h(T\ = uit). As we 
saw in part (a), there are inputs — specifically, x(t) = nonzero constant — for 
which the output of this system is infinite, and thus, it is meaningless to consider 
the question of inverting such outputs to recover the input. However, if we limit 
ourselves to inputs that do yield finite outputs, that is T inputs which satisfy 



t 

x{T)dr 



<<*> (P2.71^2) 



then the system is invertible, and the LTI system with impulse response u t (t) 
is its inverse, 
(d) Show that the LTI system with impulse response Ui (/) is not invertible. {Hint: 
Find two different inputs that both yield zero output for all time.) However, 
show that the system is invertible if we limit ourselves to inputs that satisfy eq. 
(P2.71-2). [Hint: In Problem 1.44, we showed that an LTI system is avertible 
if no input other than x(t) = yields an output that is zero for all time, are 
there two inputs x{t) that satisfy eq. (P2.71-2) and that yield identically zero 
responses when convolved with MO?] 

Wnat we have illustrated in this problem is the following: 
(1) If *(*), /i(f), and £(0 are three signals, and if x(t) * g(t\ x(i) * h(t\ and 

Kt)*g(i) are all well defined and' finite, then tha associativity property, eq. 

(P2,71-1), holds. 
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(2) Let hit) be the impulse response of an LT1 system* and suppose that the 
impulse response g(t) of a second system has the property 

Ht)*g(t) - S{t). (P2 71-3) 

Then, from {IX for all inputs x(t) for which x{t) * fr(i) and *(0 * gV) are 
both well defined and finite, the two cascades of systems depicted in Fig- 
ure P2,71 act as the identity system, and thus, the two LT1 systems can 
be regarded as inverses of one another For example, if h(i) = w(r) and 
g(r) = wj<0, then, as bug as we restrict ourselves to inputs satisfying cq. 
(P2.71-2), we can regard these two systems as inverses. 

Therefore, we see that the associativity property of eq. (P2.71-1 ) and the definition 
ofLTl inverses as given in eq. (P2,7 1-3) are valid, as long as all convolutions that are 
involved are finite. As this is certainly the case in any realistic problem, we will in 
general use these properties without comment or qualification. Note that, although 
we have phrased most of our discussion in terms of continuous-time signals and 
systems, the same points can also be made in discrete time [as should be evident 
from part (c)). 

2,72, Let 5\{t) denote the rectangular pulse of height £ for < t =* A. Verify that 

^(i) = ||S(0"£('-A)] 



2.73. Show by induction that 

(k - 1>! 
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3,0 fNTRODUCnON 



The representation and analysis of LTI systems through the convolution sum as developed 
in Chapter 2 is based on representing signals as linear combinations of shifted impulses. 
In this and the following two chapters, we explore an alternative representation for signals 
and LTI systems. As in Chapter 2, the starting point for our discussion is the development 
of a representation of signals as linear combinations of a sei of basic signals. For this 
alternative representation we use complex exponentials. The resulting representations are 
known as the continuous-time and discrete-time Fourier series and transform. As we will 
see, these can be used to construct broad and useful classes of signals. 

We then proceed as we did in Chapter 1. That is t because of the superposition prop- 
erty, the respon se of an LTI system to any input consisting of a linear combination of basic 
signals is the same linear combination of the individual responses to each of the basic sig- 
nals. In Chapter 2, these responses were all shifted versions of the unit impulse response, 
leading to the convolution sum or integral. As we will find in the current chapter, the re 
sponse of an LH system to a complex exponential also has a particularly simple form, 
which then provides us with another convenient representation for LTI systems and wirh 
another way in which to analyze these systems and gain insight into their properties. 

In this chapter, we focus on the representation of continuous-time and discrete-ume 
periodic signals referred to as the Fourier series. In Chapters 4 and 5, we extend the anal 
ysis to the Fourier transform representation of broad classes of aperiodic, finite energy 
signals. Together, these representations provide one of the most powerful and important 
sets of tools and insights for analysing, designing, and understanding signals and LTI sys- 
tems, and we devote considerable attention in this and subsequent chapters to exploring 
the uses of Fourier methods. 
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We begin in the next section with a brieF historical perspective in order to provide 
some insight into the concepts and issues that we develop in more detail in the sections 
and chapters that follow. 



3.1 A HISTORICAL PERSPECTIVE 



The development of Fourier analysis has a long history involving a great many individ- 
uals and the investigation of many different physical phenomena. L The concept of using 
'trigonometric sums" — that is-, sums of harmonicall> related sines and cosines or periodic 
complex exponentials— to describe periodic phenomena goes back at least as far as the 
Babylonians, who used ideas of this type in order to predict astronomical events, 2 The 
modern history of the subject begins in 1748 with L. Euler, who examined the motion of 
a. vibrating string. In Figure 3.1, we ha\e indicated the firet few of what are known as 
the "normal modes" of such a string. If we consider the vertical deflection fit, x) of the 
string at time t and at a distance x along the string, tlien for any fixed instant of time, the 
norma] modes are harmonically related sinusoidal functions of x. What Euler noted was 
that if the configuration of a vibrating string at some point in time is a linear combination 
of these normal modes, so is the configuration at any subsequent time. Furthermore, Euler 
showed that one could calculate the coefficients for the linear combination at the later time 
in a very straightforward manner from the coefficients at the earlier time, in doing this, 
Enter performed the same type of calculation as we will in the next section in deriving 
one of the properties of trigonometric sums that make them so useful for the analysis of 
LIT systems. Specifically, we will see that if the input to an LTI system is expressed as a 
linear combination of periodic complex exponentials or sinusoids, the output can also be 
expressed in this form, with coefficients that are related in a straightforward way to those 
of the input. 

The property described in the preceding paragraph would not be particularly useful, 
unless it were true that a large class of interesting functions could be represented by linear 
combinations of complex exponentials. In the middle of the 13th century, this point was the 
subject of heated debate. In 1753, D. Bernoulli argued on physical grounds that all physi- 
cal motions of a string could be represented \ty linear combinations of normal modes, but 
he did not pursue this mathematically, and his ideas were not widely accepted. In fact, Eu- 
ler himself discarded trigonometric series, and in 1759 J. L. Lagrange strongly criticized 
the use of trigonometric series in the examination of vibrating strings. His criticism was 
based on hifi own belief that it was impossible to represent signals with corners (I.e., with 
discontinuous slopes) using trigonometric series. Since such a configuration arises from 

' The tuctnncaJ material in thin chapter was taken from the following references 1 L Gratran -Guinea 
Joseph Fourier, !?68-1330 (Cambridge, MA" The MTT Pits*, 1072); G. F. Simmons, mfferemial F^uanons. 
With Applications and Historical Aforer <New Yort: McGraw-Hill Boot Company, 1972); C Lanczos, £)rr- 
coursa on Fourier Series (London; Oliver and Boyd H 1966); R. E. Edwards, Fourier Series- A Modem Inirc- 
ttuaton (New Yjrfc: Springer- Uet1a£ h 2nd ed- 1970); and A, D. Alekswvdrov, A. N. KbJmogorov, and M ' A. 
Lavrent'ev, Maikemancs* Tts Content, Methods, andMeanmg. trans S. H Gould, Vtl. II; trans. K. Hinelu Vol 
I[] (Cambridge, MA: The MlTFltiii, (969). Of diese, Grafton Guiness 1 work offers the mubtccimplele account 
flfFogrier's life and contributions. Other references are cited in several places in the chipter. 

: H. Dym and ft. P McKcan r Fourier Series and integrals {New York: Academic Press, 1972) This 
test and (he boot of Simmons cited in footnote 1 also contain distussiom of the vitaratitig- string problem and 
its role in Hie development of Fourier analysis 
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the string 
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f(t.x) | 







Figure 3. 1 Normal mod&s of a vi- 
brating string. (Solid lines indicate the 

configuration of each of these modes 
at same fixed instant of time, t.) 

the pJucking of a string (i.e., pulling it taut and then releasing it) t Lagrange argued that 
trigonometric series were of very limited use. 

It was in this somewhat hostile and skeptical environment that Jean Baptiste Joseph 
Fourier (Figure 3.2) presented his- ideas half a century later. Fourier was born on March 




f}gure 3.2 Jean Baptist* Joseph 
Fourrer | picture from J. B J. Fourier, 
Oeuvres da Fourier, Vof. II (Paris. 

Gauthier-VHIars et Fib, 1980) J. 
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21, 176&. in Auxerrc, France 1 and by the time of his entrance into the controversy con- 
cerning trigonometric series, he had already had a lifetime of experiences. His many 
contributions — in particular, tlmse concerned with the series and transform taat carcy his 
name — are made even more impressive by the circumstances under which he worked 
His revolutionary discoveries, although not completely appreciated during his own life- 
time, have had a major impact on the development of mathematics and have been and still 
are of great importance in an extremely wide range of scientific and engineering disci 
plines. 

In addition to his studies in mathematics, Fourier led an active political life In fact, 
during the years that followed the French Revolution* his activities almost ledio his down- 
fall, as he narrowly avoided the guillotine on two separate occasions. Subsequently, Fourier 
became an associate of Napoleon Bonaparte, accompanied him on his expeditions to Egypt 
(during which time Fourier collected the information he would use later as the basis for 
his treatises on Egyptology \ and in 1802 was appointed by Bonaparte to the position of 
prefect of a region of France centered in Grenoble. It was there, while serving as prefect, 
that Fourier developed his ideas on trigonometric series. 

The physical motivation for Fourier's work was the phenomenon of heat propaga- 
tion and diffusion. This in itself was a significant step in that most previous research in 
mathematical physics had dealt with rational anJ celestial mechanics. By 1807* Fourier 
had completed a work, Fourier had found series of harmonically related sinusoids to be 
useful in representing the temperature distribution through a body. In addition, he claimed 
that "any TT periodic signal oould be represented by such a series. While his treatment of 
this topic was significant, many of the basic ideas behind it had been discovered by oth- 
ers. Also, Fourier's mathematical arguments were stilt imprecise, and it remained for P. L. 
Dirichlet in 1829 to provide precise conditions under which aperiodic signal could be rep- 
resented by a Fourier series, 3 Thus, Fourier did not actually contribute to the mathematical 
theory of Fourier series. However, he did have the clear insight to see the potential for this 
series representation, and it was to a great extent his work and bis claims that spurred much 
of the subsequent work on Fourier series. In addition, Fouriei took this typo of representa- 
tion one very large step farther than any of his predecessors: He obtained a representation 
for aperiodic signals — not as weighted sums of harmonically related sinusoids — but as 
weighted integrals of sinusoids that are not all harmonically related. It is this extension 
from Fourier series to the Fourier integral or transform that is the focus of Chapters 4- and 5. 
Like the Fourier series, the Fourier transform remains one of the most powerful tools for 
the analysis of LTI systems. 

Four distinguished mathematicians and scientists were appointed to examine the 
1B07 paper of Fourier Three of the four — S, F. Lacroix, G, Monge, and P. S. de Laplace — 
were in favor of publication of the paper, hut the fourth, J. L T Lagrange, remained adamant 
in rejecting trigonometric series* as he had done 50 years earlier Because of Lagrange's 
vehement objections, Fourier's papor never appeared. After several other attempts to have 
his work accepted and published by the Institut de France, Fourier undertook the writing of 
another version of h is work, whi ch appeared as the text Thiorie analytique de la chaleur* 

1 Both S . D- Poi&oji and A. L. Caiichy had obtained results about the convergence of Fourier series before 
1 329, but Dirichlet'a work represented wch a signifiiaflt rxterakm at then itsuhj that he is usually credited 
with being the firsi to consider Fourier scries convergence hi * rigorous fashion, 

*Ste J. B. I Fwrier, The Analytical Theory afffcai* nans, A. freeman {Ne* Ywk Ctovet, 1*55). 
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This book was published in 1822. 15 years after Fourier had first presented his results to 
the fnstitut 

Toward the end of his life Fourier received some of the recognition he deserved, 
but the most significant tribute to him has been the enormous impact of his work on so 
many disciplines within the fields of mathematics, science, and engineering. The theory 
of integration, point-set topology, and eigenf unction expansions are just a few examples 
of topics in mathematics that have their roots in the analysis of Fouriei series and inte- 
grals/ Furthermore, in addition 10 the original studies of vibration and heat diffusion* there 
are numerous other problems in science and engineering in which sinusoidal signals, and 
therefore Fourier series and transforms, play an important role. For example, sinusoidal 
signals arise naturally m describing the motion of the planets and the periodic behavior of 
the earths climate. Alternating-current sources generate sinusoidal voltages and currents, 
and, as we will see, the tools of Fourier analysis enable us to analyze the response of an 
LTl system, such as a circuit, to such sinusoidal inputs. Also, as illustrated in Figure 3.3, 
waves in the ocean consist of the linear combination of sinusoidal waves with different 
spatial periods or wavelengths. Signals transmitted by radio and television stations are si- 
nusoidal in nature as well, and as a quick perusal of any test on Fourier analysis will show, 
the range of applications in which sinusoidal signals arise and in which the tools of Fcurier 
anaiysis are us&ful extends far beyond these few ejtamples. 




Wavelength 150 ft 
Wa^enghit 500 ft 
-Wavelength BOO ft 



WOft 



■- 150 ft 



500 ft 



Figure 3.3 Ship encountering the superposition of three wave trains, each with a 
different spatial period. When these waves reinforce one another, a very large wave 
can result. In more severe seas, a giant wave indicated by the dotted lirve could result. 
Whether such a reinlorcEment occurs at any location depends upon the relative phases 
of the components that are superposed. [Adapted from an illustration by P. Mion m 
'Nightmare Waves Are All Too Real to Deepwaier Sailors," by P. Britton, Smithsonian 
8 (February 1976), pp. 64-65]. 

While many of the applications in Che preceding paragraph, as well as the original 
work of Fourier and his contemporaries on problems of mathematical physics, focus on 
phenomena in continuous time, the tools of Fourier analysis for discrete-time signais and 
systems have their own distinct historical roots and equally rich set of applications. In par- 
ticular, discrete-time concepts and methods are fundamental to the discipline of numerical 
analysis. Formulas for the processing of discrete sets of data points to produce numerical 
approximations for interpolation, integration, and differentiation were being investigated 
as early as the time of Newton in the 1600s. In addition, the problem of predicting 
the motion of a heavenly body, given a sequence of observations of the body, spurred the 

^ForiiMjre on the impact of Fourier's work on mathematics, see W. A. CoppcJ. "J. B Fourier— on the 
occasion of Hi£ Two Hundredth Birthday," American Mathematical Monthly t 7b ( I960), 4G&-83 . 
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investigation of harmonic time series in the 18th and lyth centuries by eminent scientists 
and mathematicians, including Gauss, and thus provided a second setting in which much 
of the initial work was done on discrete-time signals and systems. 

In the mid-1960s an algorithm, now known as the fast Fourier transform, or FFT, was 
introduced. This algorithm, which was independently discovered by Cooley and Tnkey in 
1965. also ha* a considerable history and can, in fact, be found in Gauss' notebooks. 6 
What made its modern discovery so important was the fact that the FFT proved to be 
perfectly suited for efficient digital implementation, and it reduced the time required to 
compute transforms by orders of magnitude. With this tool, many interesting but previ- 
ously impractical ideas utilizing the discrete time Fourier series and transform suddenly 
became practical, and the development of discrete-time signal and system analysis tech- 
niques moved forward at an accelerated pace. 

What has emerged nut c-Flhis long history is a powerful and cohesive framework for 
the analysis of continuous-time and discrete-time signals andsystems and an extraordinar- 
ily broad array of existing and potential applications. In this and the following chapters, 
we will develop the basic tools of that framework and examine some of its important im- 
plications. 

3.2 THE RESPONSE OF LTI SYSTEMS TO COMPLEX EXPONENTIALS 

As we indicated in Section 3,0, it is advantageous in the study of LTI systems to represent 
signals as linear combinations of basic; signals that possess the following two properties: 

1. The set of basic signals can be used to construct a broad and useful class of signals, 

2* The response of an LTI system to each signal should be simple enough in structure 
to provide us with a convenient representation for the response of the system to 
any signal constructed as a linear combination of the basic signals. 

Much of the importance of Fourier analysis results from the fact that both of these prop- 
erties are provided by the set of complex exponential signals in continuous and discrete 
time— i.e., signals of the form e*' in continuous time and z n in discrete time, where s and 
z are complex numbers. In subsequent sections of this and the following two chapters, 
we will examine the first property in some detail In this section, we focus on the second 
property and, in this way, provide motivation fur the use of Fourier series and transforms 
in the analysis of LTI systems. 

The importance of complex exponentials in the study of LTI systems stems from the 
fact that the response of an LTI system to a complex exponential input is the same complex 
exponential with only a change in amplitude; that is, 

continuous time: e" s — * H{s)e ti , (3,1) 

discrete time: -" — ► rYUlz". (3.2) 

where the complex amplitude factor H{s) or H(z) will in general be a function of the 
complex variable s or z. A signal for which the system output is a (possibly complex) 

6 M T. Heidem-ati, D. H. Johnson, and C- S. Bumts, "Gau^s and the History of the Tom Founer Trans- 
form," The IEEE ASSP Magazine 1 { 19&*V pp. 14-2 J. 
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constant times the input is referred to as an^igenjunction of the system, and the amplitude 
factor Ls referred to as the system*s eigenvalue. 

To show that complex exponentials are indeed eigenf unctions of LTI systems. Let us 
consider a continuous-time LIT system with impulse response h{t). For an input x(t\ we 
can determine the output through the use of the convolution integral, so that whhjtfi) = ** T( 

y(f) = [ hiT)x{t-r)dr 



- j: 



Expressing e*<' Tj as t? Tr *T TT 5 and noting that e" can be moved outside the integral, we set 
that eq, (3.3) becomes 

y{t) =■ e 51 J A(t)«? fr dr. (3.4) 

Assuming that the integral on the right-hand side of eq. (3.4) converges., the response to 
e" is of the form 

y(f) - W(J>**, (3,5) 

where H \s) is a complex constant whose value depends on s and which is related to the 
system tmpulse response by 

H(s) = f h{*)e-"dT. (3.6* 

Hence, ^ve have shown that complex exponentials are eigenfunctions of LTI systems. The 
coastanl H(s) for a specific value of s is then the eigenvalue associated with the eigeu- 
function e il , 

In an exactly parallel manner, we can show that complex exponential sequences are 
eigenfunctions of discrete- time LTI systems. That is, suppose that an LTI system with 
impulse response h\n\ has as iLs input the sequence 

x[n] = z\ (3.7) 

where z is a complex number. Then the output of the system can be determined from the 
convolution sum as 



(3.8) 



*- ™ * = -** 



From this expression, we see that if the input *[n] is the complex exponential given by 
eq. (3.7), then, assuming that the summation on the right-hand side of eq. (3 .8) converges, 
the output is the same complex exponential multiplied by a constant that depends on the 
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value of z. That is, 

where 

H{z) = 2 h\k]z' k . (310) 

Consequently* as in the continuous-time case, complex exponentials are eigen functions of 
discrete time LTI systems. The constant H(z) for a specified value of z is the eigenvalue 
associated with the cfgenfunctioa z". 

For the analysis of LTI systems, the usefulness of decomposing more general signals 
in terms of eigenfunctions can be seen from an example. Lei x(t) correspond to a linear 
combination of three complex exponentials; that is, 

x{t) = ai ? IJ ' + a 2 e S2t + aie* ji . (3AI) 

From the eigenfunction property, the response to each separately is 

a,f J ' r — > a i H(s l )e !l,t , 
a 2 e* 2 ' — * aifffate 5 *', 

and from the superposition property the response to the sum is the sum of the responses, 
so that 

y{t) = ^H{si)e* 1 ' + mHisrie^ + a^His^e**'. (3,12) 

More generally, in continuous time, eq r (3.5)* together with the superposition property, 
implies that the representation of signals as a linear combination of complex exponentials 
leads to a convenient expression for the response of an LTI system. Specifically, if the 
input to a continuous -time LTI system is represented as a linear combination of complex 
exponentials, that is, if 

x0) - J>* e **'' ai3) 



xhen the output will be 



v(r) - ^a.Hi^e"" 1 (3.14) 



In an exactly analogous manner, if the input to a discrete- time LTI system is represented 
as a linear combination of complex exponentials, that is, if 

k 
then the output will be 

yin] = ^a k H{z k )zl (3.16) 
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Ij] other words, for froth continuous time and discrete time, if the input to an LTI 
system is represented as a linear combination tif complex exponentials, then, the output 
can also be represented as a linear combination of the same complex exponential signals. 
Each coefficient in this representation of the output is obtained as che product of the corre- 
sponding coefficient a A of the input and the system + s eigenvalue/?^ ) or f/(z>) associated 
with the eige a function e 1 "-' or ^J T respectively. It was precisely this fact that Euler discov- 
ered for the problem of die vibrating strings that Gauss and others u&sd in the analysis 
of time series, and that motivated Fourier and others alter him to consider the question 
of how broad a class of signals cuuld be represented as a linear combination of complex 
exponentials. In the next few sections we examine this question for periodic signals, first 
in continuous time and then in discrete time, and in Chapters 4 and 5 we consider the 
extension of these representations to aperiv>dic signals. Although in general, the variables 
s and z in eqs ( 3. 1 M 3 ,16) may be arbitrary complex numbers , Fourier anal ysis in vol ves, 
restricting our attention to particular fonns for these variables. In particular, in continuous 
time we focus on purely imaginary values of j- — j.e.^v = jbt — and thus, we consider onl> 
complex exponentials of the form e }Wt . Similarly, in discrete time we restrict the range 
of values of z to those ot unit magnitude — i.e., z = e^ m — so that we focus on complex 
exponentials of the Form e Jf * n . 

Example 3, 1 

As an illustration of eqs. (3.5) and (3,6), consider an LTL system for which the input xit) 
and output y(t) are relaled hy a time shift of 3, i.e., 

y(') = *G-3), (3.17) 

If the input to this system is the complex exponential signal x{t) - e j2, r then, from 
«1(3.17), 

>■(/> = e^-^ - *-J"V B . (3.18) 

Equation (3. IB) is in the form of eq. (3,5), as we would expect, since e j2i is an eigen- 
function. The associated eigenvalue is H(j2) = e A It is straightforward to confirm 
eq. (3.6) for this example. Specifically, fromeq. (3>.t7), the impulse response of the sys- 
tem js h(i) - ${t - 3) Substnuting into eq. (3.6>. wc obtain 



- j.: 



H{s)= J HT-y)£-' T dr = *\ 

so that //(/2) — r J** 

As a second example, in this case illustrating eqs. (3-1 1 J and (3 1 1), consider the 
input signal x(t) = co$(4i) -I- cos(70- From eq. (3.17), y(t) will of course be 

>■<;) - co<;(4(* - 3)> + cos(7(f - 3». i,3.l9) 

To see that this will also result fromec. (3.12), we first expand x[i) Uiing Euler "s relation: 

x(i) - ±*J J ' 4 i#-/* + V' + l""' 7 '. {3.20) 

From eqs (3,11 ) and (3,12), 
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or 

- tos<4(/ - 3)) + cos(7(j - 3)}. 

For this simple example, multiplication of each periodic exponential component of 
x(i) — for example, \e^ — by the corresponding eigenvalue— e,g M //(/4) = e }l2 — 
effectively causes the input component to shift in time hy 3. Obviously, in this case 
we can determine v(f) in eq, (3, 19} by inspection rather than by employing eqs. (3.1 1) 
and (3.12), However, as we will see, the genera] property embodied in eqs. (3.11) 
and (3- 1 1) not only allows us to calculate the responses of more complex LTI systems, 
but also provides the basis for the frequency domain representation and analysis of LTI 
systems, 

3.3 FOURIER SERIES REPRESENTATION OF CONTINUOUS-TIME 
PERIODIC SIGNALS 

3.3.1 Linear Combinations of Harmo n ica I ly Related 
Complex Exponentials 

As defined in Chapter 1, a signal is periodic if, for some positive value of 7\ 

x{t) - x{i + T> for all/. (3.21) 

The fundamental period of x(t) is the minimum positive, nonzero value of T for which 
eq. (3.21) is satisfied, and the value wo = 2tt/T is referred to as the fundamental fre- 
quency. 

in Chapter 1 we also introduced two basic periodic signals* the .sinusoidal signal 

jr(r) = COS^o* (3.22) 

and the periodic complex exponential 

x(T) = e^'' r (3.23) 

Both of these signals are periodic with fundamental frequency ojo and fundamental period 
T = 2tt/«o. Associated with the signal in eq. <3.23) is the set. of harmonically related 
complex exponentials 

4>tii) = e**"* = ^*< 2w ' r ^ k = 0, ± I. ±Z . .. - 02A) 

Each of these signals has a fundamental frequency that is a multiple oftuo* and therefore, 
each is periodic with period T (although for \k\ > 2 T the fundameutaJ period of <£ fr (0 * s a 
fraction of T), Thus, a linear combination of harmonically related complex exponentials 
of the form 

x(i) = ^T a k e**** = X «** jW ""' Tp (3.25) 
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is also periodic with period T. In eq. (3,25), the term for k = is a constant. The terms for 
k = +\ and t = — l both have fundamental frequency equal to &io and are collectively 
referred to as the fundamental components or the first harmonic components. The two 
terms for k = +2 and k = — 2 are periodic with half the period (or, equivalent^ , twice 
the frequency) of the fundamental components and are referred to as the second harmonic 
components . More generally, the components for k = + N and k = -N arc referred to as 
the Afth harmonic components. 

The representation of a periodic signal in the form of eq, (3. 25) is referred to as the 
Fourier series representation. Before developing the properties of this representation, let 
us consider an example. 

Example 3.2 

Consider a periodic signal x{t), with fundamental frequency 2ir, that is expressed in the 
form of eq r (3.25) as 



£= -3 



Mt) - ^ a^ k2vt r (3.26) 

where 

on = L 



O] =G-| = ^> 



ox - a-i = y 



a^ — a 3 = -, 

Rewriting, eq. (3.26) and collecting each of the harmonic components which have the 
same fundamental Frequency, we obtain 






C3.27J 



Equivalently, using Eukr'b relation, we can write jtfrt in the form 

1 2 

■*(0 = 1+ ■= cos 2irj + cos 4tt{ + - cos t>7Tt. f3 r 28» 

In Figure 3.4, we illustrate graphically how the signal x(t) is built up from its harmonic 
components. 
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*otf -- 1 



Kjlt) -= 1 CQS2irt 



aaAaa 



Krtft) + X- it) 



AAAAA 



x^t) = cos4wt 



Xott> + *i(t} + x a (t) 





«att) = | cos Birt 




*ffl = X^} + *,<!) -X E (1) + Xg(t) 




Figure 3 + 4 Construction ot the signal x(t) ir Example 3.2 as a \ near com- 
bi nation of harmonic&Hy related sinusoidal signals. 

Equation (3,28) is an example of an alternative form for the Fourier series of real 
periodic signals. Specifically, suppose that x{t) is real and can be represented in the form 
of eq. (3.25). Then, since x T (t) = j:(0* we obtain 



*(0 = X *> 



■;*»«' 



* = -* 
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Replacing k by — k in the summation, we have 



■ft c 



which, by comparison with eq< (3.25)* requires that a^ = a\ kt or equtvalently, that 

«I = *-*. (3.29) 

Note that this is the case in Example 3.2, where the dft's are in fact real and a* - «-*■ 

To derive the alternative forms of the Fourier series, we first rearrange the summation 
in eq. (3.25) as 

or 
Substituting a* k for a- k from eq. (3.29), we obtain 

« 

Since the two terms inside the summation are complex conjugates of each other, this can 
be expressed as 

a. 

jc(f) = ao + X 2(R4a^ W }- (3.30) 

jt = i 

If a k is expressed in pol &r form as 

a k = A*e^, 
then eq. (3.30) becomes 

x(f) = tio + X M^Wjuf'**^'***'}. 

; = ] 

That is t 

x{t) = a*, ■+ 2^^ cos(jfeu> f + 0*). (3,31) 

Equation (3.31) is one commonly encountered form for the Fourier series of real periodic 
signals in continuous time. Another form is obtained by writing a k in rectangular form as 

at = Bk + ]C k , 
where 5 t and C* are both real. With this expression for a tt eq. (3.30) tatei the form 

xtt) = oq + 2^\B t cosktitnt-C k siiut^o'J- (3-32) 

In Example 3.2 the a t *& are all real, so that a k = A k = B ki and therefore, beth represen- 
tations, eqs, (3.31) and (3.32), reduce to the same form, eq. (3.23), 
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ThJ^ for real periodic functions, the Fourier series in terms of complex exponentials, 
as given in eq. (3.251, is mathematically equivalent to either of the two forms in eqs, (3,31) 
and (3.32) that use trigonometric functions. Although the latter two are common forms for 
Fourier series/ the complex exponential form of eq, (3.25) is particularly convenient for 
our purposes, so we will use that form almost exclusively. 

Equation (3,29) illustrates one of many properties associated wilh Fourier series. 
These properties are often quite useful in gaining insight and for computational purposes, 
and in Section 3.5 wt collect together the most important of them. The derivation of several 
of them is considered in problems at the end of the chapter. In Section 4.3, we also will 
develop the majority of the properties within the broader context of the Fourier transform. 

3.3.2 Determination of the Fourier Series Representation 
of a Continuous-time Periodic Signal 

Assuming that a given periodic signal can be represented with the series of eq, (3.25), we 
need a procedure for determining the coefficients a k . Multiplying both sides of eq. (3.25) 
by e~ J1,Wlit t we obtain 

Integrating both sides from to T = 2tt/^o, we have 
j- r rT ■+<*> 

xine'-i^di = V a t e Jiu » ot e- jm " ot dr> 

Here, T is the fundamental period of v(0> and consequently, we arc integrating over one 
period. loterchanging the order of integration and summation yields 

4f)f" jnw "'rft = ^ m 



T 





(3.34) 



The evaluation of the bracketed integral is straightforward. Rewriting this integral using 
Euler's formula, we obtain 



T rT cT 



t** ^ dt - f cos(* - n)ufQtdt + j [ sin(* - n>wof dt. (3.35> 

o h )o 

For A^ji, cos( k — n )co^ t and si ti( k — riUdtyt are periodic sinusoids with fundamental period 
{Tl\k - n|). Therefore, in eq. (3.35), we are integrating over an interval (of length T) that 
is an integral number of periods of these signals. Since the integral may be viewed as 
measuring the total area under the functions over the iirawal we see that for k ^ n, beth 
of the integrals on the right-hand side of eq. (3.35) are zero. For k = n, the integrand on 
the left-hand side of eq. (3.35) equals 1 T and thus, the integral equals T, lti sum, we then 
have 

Jo la * »* n > 

7 In feci, in his original worit, Fourier used the s.ne-cusine form of the Fourier series given in etf (3 32) 
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and consequently, the right-hand side of cq. (3.34) reduces to Ta„. Therefore, 

a* = U x(t)t->™*<dt. (3.36) 

' Jo 



whith provides the equation for determining the coefficients. Furthermore, note that in 
evaluating eq. (3.35), the only fact that we used concerning the interval of integration 
was that we were integrating over an interval of length 7\ which is an integral number of 
periods of cos(Jfc - n)k>0* and sin(fc - nktiflf. Therefore, we will obtain the same result if we 
integrate over any interval of length T. That is, if we denote integration over any interval 
of length Tby \ Jt we have 



i, 



e jik-n^i l ^ _ 



T, k = n 



It i 0. k ^ n 

and consequently, 

a, = if x{t)e- J ™°' dt. (3.37) 

To summarize, if x{t) has a Fourier series representation [i.e., if it can be expressed 
as a linear combination of harmonically related complex exponentials in the form of eq. 
(3.25)], then the coefficients are given by eq. (3*37), This pair of equations, then, defines 
the Fourier series of a periodic continuous-time signals 



+■* 



X {t) = ^ «ft* jJt " c ' = ^L ^ HUtr}1 , ! (3-38) 

k- —k k< -so i 

i 



Here, we have written equivalent expressions for the Fourier series in terms of the fun - 
damnetal frequency <oq and the fundamental period T. Equation (3,38) is referred to as 
the synthesis equation and eq. (3,39) as the analysts equation. The set of coefficients {a*} 
are often called the Fourier series coefficients or the spectral coefficients of x(t). R These 
complex coefficients measure the portion of the signal x{t) that is at eacfi harmonic of the 
fundamental component The coefficient ao is thedc or constant component of x(t) and is 
given by eq. (3.39) with jt = 0. That is, 

ao - f J mdt. (3.40) 

which is simply the average value of jc(f) over one period. 

Equations (3.38) and (3.39) were lenown to both Euler and Lagrange in the mid- 
dle of the 18th century. However, they discarded this line of analysis without having 

The term "spectral coefficient*' is derived t'rum problem? such as the spectroscopic decomposition <?f 
light into spectral hoes {Lt„ uitu Lts elementary components at different frequencies i. The iatensity of any line in 
such a decomposition is a direct measure of the fractiuo of the total light energy at the freqjency corresponding 
to the- line. 
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examined the question of how large a class of periodic signals could, in fact, be represented 
in such a fashion. Before we rum to this question in the next section, let us illustrate the 
continuous-time Fourier series bymeans of a few examples.. 

Example 33 

Consider the signal 

x{i) — sinugj, 

whose fundamental frequency is w^, Ooe approach to determining the Fourier series 
coefficients for this signal i& to apply eq. {3,39). For this simple case, however, it is 
easier to expand the sinusoidal signal as a linear combination of" complex exponentials 
and identify the Fourier series coefficients by inspection. Specifically, we can express 
sina>ofa£ 

2/ 2j 

Comparing the right-hand sides of this equation &nd eq. (3 .38)* w* obtain 

1 1 

2j 2j 



at = 0, k ¥* + 1 or - L 



Example 3,4 

Let 



j(0 = 1 + sinter ■+■ 2costi>Qt + cosf^oJ 1 + — ), 



which has fundamental frequency w&. As with Example 3.3, we cam again expand x{t) 
directly in terms of complex exponentials, so that 

Collecting terms, we obtain 
x(t) = 1 + [l + i V*o' + (i - ^r)*-^' + (I^'wL^d' + e -rt^\ e s2»et_ 

Thus, the Fourier series coefficients for ihi* example axe 



1_ 

1 .r£7r/4> v2. 



fl2 ^ _,;t^ = ^j-(l+j). 
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a t = ( [Jt| > 2. 
In Figure 3.5, we show a bar graph of the magnitude and phase of at . 
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Figure 3.5 Plots of the magnitude and phase of the fourier coefficients of 
the signal considered In Example 3.4 H 

Example 3*5 

The periodic square wave, sketched in Figure 3.6 and defined over one period] as 



*(0 = 



1- |(|<T, 

a T\ < |r] < Tfl h 



(3,41) 



is a signal that we will encounter a number of times throughout this book. This signal is 
periodic with fundamental period T and fundamental frequency t*> = 2ir/7\ 

To determine the Fourier series coefficients for x(t) t we use eq. (3.39). Because 
uf the symmetry of x(t) about t = D h it is convenient to choose —Tfl s r < 772 as the 
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Figure 3.6 Periodic square wave. 



1 94 Fourier Series Representation of Periodic Signals Chap. 3 

interval over which the integration is performed, although any interval of lengih T as 
.equally valid and thus will lead to the same result. Using these NmfK of integration and 
substituting ftomeq. (3.41), we have first, for k = U t 



fid 



-±(>?- 



^ mentioned previously, a^ is interpreted to be the average value of x(r) T whitrh in thii 
esse equah the fraction of each period during which x(t) = I. For jt ^ 0, we obi am 



fli 






I ^ 



f /*"■!' jft - . ^-Jtwii' 



-y, j*^fl7" | 7| 

which we may rewrite as 

Ok = , — - 



(3 43) 



V 

Noting that the term in brackeis j.s sin ku> a T\ t we enn express the coefficients u t *s 

2skt{*cd 7'<} sin(foy<iTil , ^ _ „ ,^ 

^a = i ^r : , t t* 0. 13.44) 

whete wt have used the fact that u^r — 2ir. 

Figure 3.7 ts a bar graph of (he Fourier series coefficients for this example. In 
particular, the coefficient*; are plotted for a fixed value of 7*1 and several values of T. 
For this specific example, the Fourier coefficients are real, and consequently, they can 
be depicted graphically with only a single graph. More generally, of course, the Fourier 
coefficients are camples so that two graphs, corresponding to the real and imaginary 
parts, or magnitude and phase, of each coefficient, would be required For 7 = 47*1, *(0 
is a square wave that k unity for half Ihe period and zero for half the period. In this case. 
wuTi = -jr/2 t and fromeq, (3.44), 

sinfTTjt/2) . 

o k = fa~* k^U. (3.45) 

while 



ou = =■ 0.46) 

From eq. (3.45), tf* = for k even and nonzero. Also h &in{?rJt/2) alternates be I ween t i 
for successive odd valuer of k. Therefore, 



a\ = a 


1 


in = a~% =■ 


i 
3^' 


a? — *f ^ 


1 
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Figure 3,7 Plots of the scaled Fourier series coefficients Ta k for the pe- 
riodic square wave with f, fixed and for several values of 7\ (a) 1 = 4fi; 
(fr) T = 87i; (c) T = 167i The coefficients are regalarfy spaced samples of 
the envelope [ZsiriwT",}^, where the spacing between samples, 2w/T, de- 
creases as T increases. 



3.4 CONVERGENCE OF THE FOURIER SERIES 



Although Eulfcr and Lagrange would have been happy with the results of Examples 3.3 
and 3,4, they would have objected to Example 3.5, since x(t) is discontinuous while each 
of its harmonic components is continuous. Fourier, on the other hand, considered the same 
example and maintained that the Fourier series representation of the square wave is valid. 
In fact, Fourier maintained that any periodic signal could be represented by a Fourier 
series. Although this is not quite true, It is true that Fourier series can be used to represent an 
extremely large class of periodic signals, including the square wave and all other periodic 
signals with which we will be concerned in this book and which are of interest in practice. 
To gain an understanding of the square-wave example and, more generally, of the 
question of the validity of Fourier series representations, let us examine the problem of 
approximating a given periodic signal x{t) by a linear combination of a finite number of 
harmonically related complex exponentials — that is, by a finite series of the form 



196 Fourier Series Representation of Periodic Sisals Chap, 3 

x N (t) = 2 a k ^^ s . (3.47) 

ik=-N 

Let e^it) denote the approximation error; that is, 

exit) = x(t)-x^{[) - x{f) - 2 at*' w . (3,48) 

In order to determine, how good any particular approximation is, we need to specify a 
quantitative measure of the size of the approximation error The criterion that we will use 
h the energy in the error over one period: 

E* ^ J Mi)| 2 di. (3.49) 

As shown in Problem 3,66, the particular choice for the coefficient in eq. (3.47) that 
minimize the energy in the error is 

**= ^[ ^>*"^ n,, rfr. (3.50) 

Comparing eqs. (3.50) and (3.39), we see that eq. (3.50) is identical to the expression used 
to determine the Fourier series coefficients. Thus, if x(r) has a Fourier series representa- 
tion, the best approximation using only a finite number of harmonically related complex 
exponentials is obtained by truncating the Fourier series to the desired number of terms. 
As N increases, new terms are added and E/v decreases. Tf , in fact, x(t) has a Fourier series 
representation, then the limit of En as N -* « is zero. 

Let us turn now to the question of when a periodic signal x(t) does in fact have a 
Fourier series representation. Of course, for any signal, we can attempt to obtain a set of 
Fourier coefficients through the use of eq. (3.39). However, in some cases, the integral 
in eq H (3.39) may diverge; that is, the value obtained for some of the a k may be infinite 
Moreover, even if all of the coefficients obtained from eq. (3.39) are finite, when these 
coefficients are substituted into the synthesis equation (338), the resulting infinite series 
may not converge to the original signal x(t). 

Fortunately, there are noconvergencedifrjcpltiesfbr targe classes of periodic signals. 
For example, every continuous periodic signal has a Fourier series representation for which 
the energy En in the approximation error approaches as N goes to «>. This is also true 
for many discontinuous signals. Since we will find it very useful to include discontinuous 
signals such as square waves in our discussions, it is worthwhile to investigate the issue 
of convergence in a bit more detail. Specifically, there are two somewhat different classes 
of conditions that a periodic signal can satisfy to guarantee that it can be represented by a 
Fourier series. In discussing these, we will not attempt to provide a complete mathematical 
justification; more rigorous treatments can be found in many texts on Fourier analysis.* 

'See. fcrexumple, R. V. Churchill Fourier Strits and Boundary Votu* Fivbtems. 3rd cd. [Ucw York: 
McGtaw-HiJ] B«* Gomprnty, 1978); W T Kaplan, Gperatiotiat Methods far Linear Systems (Reading, MA: 
Addison-Westey Publishing Company. 1962), And the book by Dym and McKean referenced ia footnute 2 of 
ihis chapter. 
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One class of periodic signals that are representable through the Fourier series is those 
signals which have finite energy over a single period, i.e., signals for which 



i 



jr(f)! 2 df <« (3.51) 

T 



When this condition is satisfied, we are guaranteed that the coefficients at obtained from 
eq, (3,39) are finite. Furthermore, let jr w (0. be the approximation to *(/) obtained by using 
these coefficients for \k\ ^ N: 

■*w(0 = ]T a^ W (3.52) 

Then we are guaranteed that the energy En in die approximation error, as defined in 
eq. (3,49), converges to as we add more and more terms, i.e., a* N -*■ « That is, if 
we define 

*<0 = j(r) - X a k e jkM «. (353) 

then 

|*{f)| a rff =ft (3.54) 



I, 



As we will see in an example at the end of this section, eq. (3.54) does not imply that the 
signal x(t) and its Fourier series representation 

X °*'' W < 3 ^5) 

; = --* 

arc equal at every value of r. What it does say is that there is no energy in their difference. 

The type of convergence guaranteed when x(t) has finite energy over a single pe- 
riod is quite useful. In this case eq. (3.54) suites that the difference between x(t) und its 
Fourier series representation has zero energy. Since physical systems respond to signal en - 
ergy, from this perspective *(r) and its Fourier series representation are indistinguishable. 
Because most of the periodic signals that we consider do have finite energy over a single 
peried T they have Fourier series representations. Moreover, an alternative set of conditions, 
developed by P, L, Dirichlet and also satisfied by essentially ail of the signals with which 
we will be concerned, guarantees that x(t) equals its Fourier series representation, except 
at isolated values of t for which *{f) is discontinuous* At these values, the infinite series 
of eq. (3.55) converges to the average of the values on either side of the discontinuity. 

The Dirichlet conditions are as follows: 

Condition 1. Over any period, x(t) must be absolutely inferrable; that is, 

\x(t)\dt <». (3.56) 

T 
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As with square integrability, this guarantees that each coefficient a* will be finite, since 



So if 



\x{!)\dt <«, 



then 

A periodic signal that violates the first DirichJet condition is 

x(0 = -, 0< f =£ ]; 
that is, j:(/) is periodic with period 1. This signal is illustrated in Figure 3.8(a), 

CoDdjtfon 2, In any finite interval of time, x{t) is of bounded variation; that is, there 
are no more than a finite number of maxima and minima during any single period of the 
signal. 

An example of a function [hat meets Condition 1 but not Condition 2 is 

x(t) = sin( — | 0</ ^ 1, (3.57) 

as illustrated in Figure 3.8(b). For this function, which is periodic with T = I, 

{jc<T)\dt<h 

Jo 

The function has, however* an infinite number of maxima and minima in the interval. 

Condition 3 + In any finite interval of time, there are only a finite number of discontinu- 
ities. Furthermore, each of these discontinuities is finite. 

An example of a function that violates Condition 3 is illustrated in Figure 3.8(c). The 
signal, of perk*! 7* = 8* is composed of an infinite numher of sections, each of which is 
half the height and half the width of the previous section. Thus, the area under one period of 
the function is clearly less than a. However there are an infinite number of discontinuities 
in each period* thereby violating Condition 3. 

As can be seen from the examples given in Figure 3.& T signals that do not satisfy 
the Dirichlet conditions are generally pathological in nature and consequently do not 
typically arise in practical contexts. For this reason, the question of the convergence of 
Fourier series will not pi ay a particularly significant rote in the remainder of the book. For 
a periodic signal that has no discontinuities, the Fourier series representation converges 
and equals the original signal at every value of f. For a periodic signal with a finite number 
of discontinuities in each period, the Fourier series representation equals the signal every- 
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Figure 3,8 Signals thai violate the 
Dirichlet conditions: (a) the signal 
x(f) = Vt for < t ^ 1, a peri- 
odic signal with period 1 (this signal 
violates the first Dirichlet condition); 
(b) the periodic signal of eg, (3.57), 
which violates the second Dfrichlet 
condition: {c\ a signal periodic with 
period 8 that violates the ttird Dirichlet 
condition [for < t < 8, the value of 
x[t) decreases by a factor of 2 when- 
ever the distance from f to S 
decreases by a factor of 2; that is, 
x{t) = 1, <= f<4 r Jf<f> = 1/2, 
4 ^ f < 8, x{t) = 1/4 r 6 <= f<7. 
x(f) = 1/8, 7 ^ f< 7.5, etc,]. 



when: except at the isolated points of discontinuity, at which the series converges to the 
average value of the signal on either side of the discontinuity In this case the difference 
between the original signal and its Fourier series representation contains no energy, and 
consequently, the two signals can be thought of as being the same for all practical pur- 
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poses. Specific ally, .since the signals differ only at isolated points, the integrals of both 
signals over any interval are identical For this reason, the two signals behave identically 
under convolution and consequently are identical from the standpoint of the analysis of 
LTI systems. 

To gain some additional understanding of how the Fourier series converges for a 
periodic signal with discontinuities, let us return to the example of a square wave. In 
particular, in I898, 11 * an American physicist, Albert Michelson, constructed a harmonic 
analyzer, a device that, for any periodic signal xit). would compute the truncated Fourier 
series approximation of cq, (3.52) for values of Wup to 80. Michelson tested his device on 
many functions* with the expected result that jc^ (f) looked very much like j(r). However, 
when he tried the square wave, he obtained an important and, to him, very surprising re- 
suit. Michelson was concerned about the behavior he observed and thought that his device 
might have had a defect. He wrt^ie about the problem to the famous mathematical physicist 
Josiah Gibbs, who investigated it and reported his explanation in 1899, 

What Michelson had observed is illustrated in Figure 3.9 t where we have shown 
xtffr) for several values of N for jt(f>, a symmetric square wave (J = 4Tj). In each ca*e. 
the partial sum js superimposed on the original square wave. Since the square wave satis 
lies the Dirichlet conditions, the timil as N — * * of x^(t) at the discontinuities should be 
the average value of the discontinuity. We see from the figure that this is in fact the case, 
since for any N, x,v[t) has exactly that value at the discontinuities. Furthermore, for any 
other value of t r say, t - t] , we are guaranteed that 

hm xkUO - *(*!). 
a - >*- 

Therefore, the squared error in the Fourier series representation of the square wave has 
zero area, as in cqs. (3.53) and (3.54). 

For this example, the interesting effect that Michelson observed is that the bohavior 
of the partial sum in the vicinity of the discontinuity exhibits ripples and that the peak am- 
plitude of these ripples does not seem to decrease with increasing N. Gibbs showed that 
these are in fact the case. Specifically for a discontinuity of unity height, the partial sum 
exhibits a maximum value of 1.09 (i.e., an overshoot of 9% of the height of the discon- 
tinuity), no matter how large N becomes. One must be careful to interpret this correctly, 
however As stated before, for any fixed value off, say, t = i\ , the partial sums will con- 
verge to the correct value, and at the discontinuity they will converge to one-half the sum 
of the values of the signal on either side of the discontinuity. However, the closer t\ is chn- 
sen to the point of discontinuity, the larger N must be in order to reduce die error below a 
specified amount. Thus, as Af increases, the ripples in the partial sums become compressed 
toward the discontinuity, hut for any finite value of JV, the peak amplitude of the ripples 
remains constant. This behavior has curne to be known as the Gibbs phenomenon. The im- 
plication is that the truncated Fourier series approximation xnU) of a discontinuous signal 
x(t) will in general exhibit high -frequency ripples and overshoot x(t) near the disconti- 
nuities. Tf such an approximation is used in practice, a large enough value of N should 
be chosen so as to guarantee that the total energy in these ripples is insignificant. In the 
limit, of course, we know that the energy in the approximation error vanishes and that the 
Fourier series representation of a discontinuous signal such as the square wave converges. 

m The historical in format inn used in thisenamplc is taken from thei™k by LstneZOi referenced in foot- 
note I ot this chapter. 
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Figure 3,9 Convergence of the Fourier series representation of a square 
wave: an illustration of the Gifitis phenomenon. Mere, we have depicted the 
finite series approximation x M (t) — Xjf- -* **e J * u >' for several values of Af 
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3.5 PROPERTIES OF CONTINUOUS-TIME FOURTER SERIES 

As mentioned earlier, Fourier series representations possess a number of important prop- 
erties that are useful for developing conceptual insights into such representations, and they 
can also help to reduce the complexity of the evaluation of the Fourier series of many sig- 
nals. In Table 3,1 we have summarized these properties, several of 'which are considered 
in the problems at the end of this chapter. In Chapter 4, in which we develop the Fourier 
transform, we will see that most of these properties tan he deduced from corresponding 
properties of the continuous-time Fourier transform. Consequently we limit ourselves here 
to the discussion of several of these properties to illustrate how tbey may be derived, in- 
terpreted, and used. 

Throughout the following discussion of selected properties from Table 3,1, we will 
rind it convenient to use a shorthand notation to indicate the relationship between a peri- 
odic signal and its Fourier series coefficients. Specifically, suppose that -\(t) is a periodic 
signal with period T and fundamental frequency w^ = 2tt(T. Then if the Fourier series 
coefficients of x(t) are denoted by Q k , we will use the notation 

is 
x{t) <--> a k 

to signify the pairing of a periodic signal with its Fourier series coefficients. 

3.5.1 Linearity 

Let xit) and y{t) denote two periodic signals with period T and which have Fourier series 
coefficients denoted by a k and b%, respectively. That is, 

xit) « — ► a kt 

y{t) ^-^ b k . 

Since x\t) and y(t) have the same period 7\ it easily follows that any linear combination 
of the two signals will also be periodic with period T. Furthermore, the Fourier series 
coefficients c^ of the linear combination of x{t) and >•(/), z(t) — Ax(t) + By(t)> are given 
by the same linear combination of the Fourier series coefficients for x{t) and y(t). Thai is, 

z{t) = Ax(t) + By(t) * — > f t - Aa k + Bb k , (3,58 1 

The proof of this follows direcdy from the application of eq, (3,39), We also note that 
the linearity property is easily extended to a linear combination of an arbitrary number of 
signals with period 1\ 

3.5.2 Time Shifting 

Whenatime shift is applied to aperiodic signal *[*), the peried Tof the signal is preserved 
The Fourier series coefficients b k of the resulting signal y(/) * xit — f u ) may be. expressed 
as 



b). — j 



xit - T^e ;w df. (3.59) 

7" 
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Letting r = t - fo in the integral, and noting that the new variable r will^also range over 
an interval of duration T t we obtain 






(3.60] 



where a k is the Jtth Fourier series coefficient of j(j). That is, if 



then 



35 
x(t) * — * a k . 



35 



One consequence of this property is that, when a periodic signal is shifted in time, the 
magnitudes of its Fourier series coefficients remain unaltered. That is, \bt\ = \a±l 

3.5.3 Time Reversal 

The period T of a periodic signal x(t) also remains unchanged when the signal undergoes 
time reversal. To determine the Fourier series coefficients of y(f) = *{-/), let us consider 
the effect of time reversa' on the synthesis equation (3.38): 

x{-0 = X fl*e" /W " /r . (3.61) 

jt=-« 

Making the substitution k = —m, we obtain 

v{/> = x(-t) = ^T a- m e im2ir ' IT , (3.62) 

We observe that the right-hand side of this equation has the form of a Fourier series syn- 
thesis equation for x(-t) T where the Fourier series coefficients b k are 

b k = a_ iH (3.63) 

That is, if 



then 



tft} * »■ Q k . 



X (~t) < — > a- k . 



In other words time reversal applied lo a continuous-time signal results in a time reversal 
of the corresponding sequence of Fourier series coefficients. An interesting consequence 
of the time-reversal property is that if x(t) is even — that is, if x(-t) = x(t)— then its 
Fourier series coefficients are also even — i.e., a- k = a k . Similarly, if x(t) is odd, so that 
*( - — "~*(0* then so are its Fourier series coefficients — i.e., a- k = -a k . 
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3.5.4 Time Scaling 

Time scaJing is an operation that in general changes the period of the underlying signal. 
Specifically, if x{t) is periodic with period T and fundamental frequency uj (] — Ztt/T, 
then x(<it) t where or is a positive, reaf number, is periodic with period T/a and fundamen- 
tal frequency aw,> Since the time-staling operation applies directly to each of the har 
monic components of x{t), we may easily conclude that the Fourier coefficients tor each 
of those ^omponenti remain the same_ That is, if x(t) has the Fourier series representation 
in eq. {3 38}. then 

& = -*■ 

is. the Courier series representation ot x(at). We emphasize that, while [he Fourier coef- 
ficients have ni>t changed, the Fourier series representation has changed because of the 
change in the fundamental frequency 

3.5.5 Multiplication 

Suppose that a(i) and y(t) are both periodic with period T and that 



j^<r> ^ — * 


fli, 


FFi" 

v(/) <e— * 


h- 



Since the product x\t)y{t) is also periodic with period 7", we can expand it in a Fourier 
scries wilh Fourier series coefficients h± expressed in terms of those for x( t) and v(f) The 

result is 

-3 s ™ 

x(i}y{7) +-U h k - ^L a : b k . ,. (3.64) 

One way to derive this relationship (see Problem 3.46) is lo multiply the Fourier series 
representations of x(i) and y(f) and to note that the kih harmoTiic component in the product 
will have a coefficient which is the sum of terms of the form Q{b k -i Observe that the sum 
on the right-hand side of eq. (3.64) may he interpreted as the discrete-time convolution of 
the sequence representing the Fourier coefficients of x{t) and the sequence representing 
the Fourier coef fie ients of y(f), 

3.5-6 Conjugation and Conjugate Symmetry 

Taking the complex conjugate of a periodic signal x(t) has the effect of complex conjuga- 
tion and lime reversal on the corresponding Fourier series coefficients. That is, if 

"a. 
then 



-i(r) 


* > 


**<!> 


< > 



t-k- 



(3,65) 



Sec. 3,5 Properties of Corrtinuous-Time Fourier Series 205 

This property is easily proved by applying complex conjugation to both sides of eq. (3,38) 
and replacing the summation variable Jfc by its negative. 

Some interesting consequences of this property may be derived for x(t) real — that 
is s when x(t) = x*{t). In particular, in this case, we see from eq. (3.65) that the Fourier 
series coefficients will be conjugate symmetric, i.e„ 

fl-jt = a\, i'3.66) 

as we previously saw in eq. (3.29). This in turn implies various symmetry properties (listed 
in Table 3,1) for the magnitudes, phases, real parts, and imaginary parts of the Fourier 
series coefficients of real signals. For example, from eq. (3.66), we see that if x(t) is real, 
then a^ is real and 



M- 



-3-, 



Also, if jt(j) is real and even, then, from Section 3.5.3, #t = tf- *. However, from eq, (3 66) 
we see that a\ = a_ k , so that a t = a\ r That is, if x{i) is real and even, then so are its 
Fourier series coefficients. Similarly, it can be shown that if x(0 is real and odd v then its 
Fourier series coefficients are purely imaginary and odd . Thus, for example, ao = if x(t) 
is real and odd. This and the other symmetry properties of the Founer series are examined 
further in Problem 3.42 r 

3.5,7 Parseval's Relation For Continuous-Time Periodic SignaJ* 

As shown in Problem 3.46 T Parseval's relation for continuous- time periodic signals is 

l f f \m\ 2 dt = f KP, (3.67) 

where the a k are the Fourier series coefficients of x{t) and T is the period of the signal. 

Note that the left-hand side of eq. (3,67) is the average power (i.e., energy per unit 
time) in one period of the periodic signal x{t). Also, 



A | \ w > W 



2 , 1 
T 



\a,\ 2 dr = \a k \ 2 , (3.68) 



so that |*3jt| 2 is the average power in the jtth harmonic component of x{t), Thus n what Par- 
sevaTs relation-states is that the total average power in aperiodic signal equals the sum of 
the average powers in all of its harmonic components, 

3.5.8 Summary of Properties of the Continuous-Time 
Fourier Series 

In Table 3.1, we summarize these and other important properties of continuous -time 
Fourier series. 

3.5.9 Examples 

Fourier series properties, such as those listed in Table 3,1, maybe used to circumvent some 
of the algebra involved in determining the Fourier coefficients vjf a given signal. In the next 
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TABLE 3.1 PROPERTIES OF CONTINUOUS-TIME FOURIER SERIES 



Property 


Sectioa 


Periodic Signal 


F Mirier Series Coeflkdents 






j(t ) 1 Periodic with period T and 

yit ) ] fundamental frequency w = litiT 




Linearity 
Time Shifting 

Frequency Shifting 

Conjugation 
Time Reversal 


3.5.1 
3.5.2 

3.5 6 

3.5.3 


Ajc(D + By( t) 
K-0 


,4a* + Bb t 


Time Scaling 


3.5 4 


M«Oj « ^ (periodic with period Tfa) 


d 4 


Periodic Convolution 




f xtT}y(t - T)dT 


Tfljtfr. 


Multiplication 


3.5.5 


xtt)y(t) 


i =o 
2 "'** > 


Differentiation 




dx{t) 


jfnt a k = jk—at 


Integration 




\' , (finite valued and 

periodic only if a^ = 0) 




Conjugate Symmetry for 
Real SigaaU 


M.6 


i(r}real 




Reaj and Even Signals 
Real and Odd Signak 
Even -Odd Decomposition 
of Real Signals: 


3.5 6 
3.5.6 


ti/) real and even 
x{t) real and odd 
'jt.fO^Mjcd)} [JrtOnal] 
.*,(') = &/{*</)} ^(f) real] 


a* real and even 

d* purely imaginary and odd 




Parse 


val's Relation for Periodic Signals 








^^\x(t)\ J dt= jr>*f 





three examples, we illustrate this. The last example in this section then demonstrates how 
properties of a signal can be used to characterize the signal in great detail. 

Example 3.6 

Consider the signal g(t) with a. fundamental period of 4 t shown in Figure 3.10. We 
could determine the Fourier series representation of g{t) directly from the analysis equa- 
tion (3,39), Instead, we will use the relationship of g(t) to the symmetnc periodic square 
wave jc(r) in Example 3.5. Referring to that example* we see that, with 7 = 4 and 
r L = U 



git) = x{t - 1) - 1/2. 



(3.69) 
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Figure 3.1 Periodic signal for Example 3.6. 

The time-shift property in Tabic 3.1 indicates that, if the Fourier Senes coefficients of 
x(i) are denoted by m, the Fourier coefficients of x(t — 1) may be expressed as 



&k = e^e 



(3,70) 



The Fourier coefficients of the dc offset in g(t) — i.e., the term -1/2 on the right-hand 
side of eq. (3.69) — are given by 



ci = 



0, for Jt * 
-±> for It- (T 



(3.71) 



Applying the linearity property in Table 3.1, we conclude that the coefficients for g{i) 
may be expressed as 



<fc- 



akf -jk*f2 ) for k ^Q 

for k - " 



<*o 



2> 



where each a* may now be replaced by the corresponding expression from eqs., (3,45) 
and (3,46) r yielding 



(sii 



forjt= 



<3.72> 



ExampJe 3.7 

Consider the triangular wave signal x{r) with period T = 4 and fundamental frequency 
g>d = ir/2shownin Figure 3 Jl r The derivative of this signal is the signal g(r) in Exam- 




-2 2 t 

Figure 3.1 1 Triangular wave Signal in Exampte 3.7. 
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pie 3.6. Denoting the Ftiurier coefficients of g(t) by d\ and those af x{i) by Oh we sec 
lhat the diflerentiatiort property in Table 3. J indicates that 

This equation can be used to express #* in terms vldi, except when i — 0. Speu finally, 
fromeq. (3.72) h 

24* 2sin(wt/2j ^ 

For ft ■= 0, ej-j can be determined by tindiog the area under one period of j:(0 and dividing 
by the Length of the period: 

1 

Example 3.8 

I^t m examine some properties of the Fourier series representation of a periodic train of 
impulses, or impulse tram. This signed and its representation in terms of complex expo- 
nentials wil! play an important role when we discuss the topic of sampling in Chapter 7. 
The impulse train with period T may be expressed as 

*(r) - ^ 5(i - ftf); (3.75) 

it is illustrated in Figure 3. 12(a). To determine the Fourier series coefficients a*, we use 
eq. (3.39) and select the interval of integration to be —Tf2 s | s T/2, avoiding the 
placement of impulses at the integration limits. Within this interval, jr(r) is the same as 
6(f), and it follows that 

a* = j;\ JW*»« fT dt = i (3.76) 

Tn other words, all the Fourier series coefficients of the impulse train are identical. These 
coefficients are also real valued and even (with respect to the index k). This if to be 
expected, since, according to Table 3.1, any real and even signal (such as our impulse 
train) should have real and even Fourier coefficients. 

The impulse train also has a straightforward relationship to square-wave signals 
such as* g(t) in Figure 3.6, which we repeat in Figure 3.12(b) The derivative of g(t) is 
the signal q(t) illustrated in Figure 3.12(c). We may interpret q{t) as the difference ol 
two shifted versions of the impulse train x(i). That is, 

q{!) = ^t+TO-xtt-Tti. (3.77) 

Using the properties of Fourier series, we can now compute the Fourier series coeffi- 
cients of q{f) and g{i) without any further direct evaluation of the Fourier senes analysis 
equation. First + from the time-shifting and linearity properties, we see from eq. (3.77) 
that the Founer series coefficients £ t of q(t) may be expressed in terms of the Fourier 
series coefficients a* of x(t); that is. 



b k = ^o'-i^-^-zW, 



*f*. 
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Fkjure 3.12 (a) Periodic train of impulses, (b) periodic square wave; 
(c) derivative of the periodic square wave in (b). 

where <oq = 2tj77\ Using eq. (3.76), we then have 

Finally* since ^(/) is the derivative of £(r), we can use the differ? nU-ati on property in 
Table 3.1 to write 



where the c\ arc the Fourier series coefficients of g(t). Thus, 

*- * = ^7 — ^ t-, — ^ — ■ = — -r , k ^ U. 



(3.78) 



(3.79) 
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where we have used the fact that fc> Lh 7" = 2tt. Ncte that eq r (3,79) it vatic for k ^ 0, 
since we cannot solve for en from eq (3.78) with k - 0. Hov^ver. tince cij is* just the 
average value of g{t) over one period, wc can determine it by inspection from Figure 

3J2(bV 

Eqt>. (3.80) ind (3,79) are identical to eqs. (3.42) and (3.44), respectively, for the Fourier 
series coefficients of the square wave derived in. Example 3.5. 

The next example is chosen to illustrate the use of many of the properties in 
Table 3 J. 

Example 3.9 

Suppose we are given the following facts about a signal *(r): 

1* xU) is a real signal; 

2, x{() is periodic with period f - 4, and it has Fourier series coefficients a 4 . 

3. a* = 0fbr|jt|> L. 

4* The signal with Founer coefficient i^ = e~^ W2 a t is odd. 

5. iJ 4 |jr(D| 2 *fc = 1^2. 

Let us show that this information is sufficient to determine the signil x{i) to within a 
sign factor According to Fact 3, x{t) has at roost three nonzero Fourier series coefficients 
a k : a?, a u and ol|. Then, since x(t) has fundamental frequency tan = 2tt/4 = tt/2 t it 
follows that 

jc(0 = av + aie^ + a ^T^" 2 . 

Since *{/) is real (Fact 1). we can use the symmetry properties in Table 3 1 to conclude 
that a, is real and a t = a*_ , . Consequently, 

Jr(f) = aij + Hie"" 2 + (ai*^" 2 )- = a y + 2CRtf{fl,tf J ™-}. (3.81) 

Let us now determine the signal corresponding to the Fourier coefficients b k given 
in Fact 4 r Using the time-reversal property from Table 1 A , we note that a- ^ corresponds 
to the signal x{ -t). Also, the time-shift property in the table indicates that multiplication 
of the Ath Fourier coefficient by e "''"•^ -= e~ ikMfi corresponds to the underlying signal 
being shifted by 1 to the right (i.e., having r replaced by t — 1 ). We conclude that the 
coefficients h k correspond to the signal -v(-(r - I)) — x{-i +■ 1), which, according to 
Fact 4, must be odd. Since x(t) is real, x(~t + l\ must also be real. From Table 3. L, 
it then follows that the Fourier coefficients of x(—t + 1} must be purely imaginary and 
oddThus,^ =0andfr-i - -b\. Since time-reversal and time-shift operations cannot 
change the average power per period. Fact 5 holds even if xit) is replaced by *( - 1 +■ 1 ). 
That is, 

-J \x(-t +■ \}\ 2 dt - 1/2, (3.82) 
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We tan now use Parse vsls relation to conclude that 

\f't\- t I/j-iT - U2. (J,S3) 

Substituting b\ - — b. , in this cgutihon* we obtain \b\ \ — 1/2. Since b t n> also known 
to be purely imaginary, it must be either jfl or -j/2 

Now we tan translate these conditions on b { and i?| into equivalent statements on 
ffo Jind a E , First, since foj = O h Pact 4 implies that <i n = 0. With * - I, this condition 
implies that «, = e fir ' b \ = - jb b - /£,, Thus, if we take b { = jfl then tii = 

■ 1/2. and therefore, f ram eq. (3.&U, *{r) = - eos(irr/2} Alternatively, if we take b\ = 

-jfl. then a , = 1/2, and therefore, *(/) ^ cos(irr/2). 

3.6 FOURIER SERIES REPRESENTATION OF DISCRETE-TIME 
PERIODIC SIGNALS 

In this section, we consider the Fourier scries representation of discrete-time periodic sig- 
nals While the discussion closely parallels that of Section 3,3 T there are some important 
differences. In particular, the Fourier series representation of a discrete- time periodic sig- 
nal is & finite series, as opposed to the infinite series representation required for continuous- 
time periodic signals. As a consequence, there are no mathematical issues of convergence 
such as those discussed in Section 3,4. 

3.6. 1 Linear Combinations of Harmonically Related Complex 
Exponentials 

As defined in Chapter 1, a discrete -time, signal *[«] is periodic with period N if 

x[n] = x[n + N\ (3.84) 

The fundamental period is the smallest positive integer N for which eq. (3 84) holds, and 
&><> = 2it/N is ihe fundamental frequency. For example, the complex exponential eJ&*M>" 
is periodic with period N. Furthermore, the set uf all discrete-time complex exponential 
signals that are periodic with period N is given by 

4>kW = ^ w,) " =e- tia * m >\k = 0,±l h ±2 (3.85) 

All of these signal* have fundamental frequencies that are multiples of 2viN and thus are 
harmonically related. 

As mentioned in Section 1.3,3, there are only N distinct signals in the set given 
by eq. (3.85). This is a consequence of the tact that discrete-time complex exponen- 
tial which differ in frequency by a multiple of 2tt are identical. Specifically, <fa\n] - 
tf>H[n] t ^][/r] = ^u + tOrl, and, in general. 

$i[n\ = <^ +r ,a*]. (3.86) 

That is, when k\s changed by any integer multiple of N y the identical sequence is gener- 
ated. This differs from the situation in continuous time in which the signals <fou) defined 
in eq. (3.24) are all different from one another. 
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We now wish to consider the representation of more general periodic sequences in 
terms of linear combinations of the sequences <£*[n] Jneq. (3,85). Such a linear combina- 
tion has the form 

'V' k k 

Since the sequences tft t [n] are distinct onl) over a range of N successive values of k, the 
summation in eq, (3,87) need only include terms over this range. Thus, the summation is 
on k, as k vanes over a range of N successive integers, beginning with any value oft. We 
indicate this by expressing the limits of the summation as k — (N). That is, 

-*[«] - X fl *tf*M =* X a ^'^" = Z a*^ 2 '"""- (3-83) 

For example, Jt could take on the values k = 0, 1, . . . , JV — I, or k = 3, 4 f . . . , N + 2 In 
either case, by virtue of eq. (3.86), exactly the same set of complex exponential sequences 
appears in the summation on the right-hand side of eq, (3.88). Equation (3.88) is referred 
to as the discrete-time Fourier series and the coefficients a k as the Fourier series toeffi- 
cients, 

3.6.2 Determination of the Fourier Series Representation 
of a Periodic Signal 

Suppose now that wc are given a sequence x\n] that is periodic with fundamental period 
N. We would Hke to determine whether a representation of x[n] in the form of eq. (3.88) 
exists and, if so r what the values of the coefficients a^ are. This question can be phrased in 
terms of finding a solution to a set of linear equations. Specifically, if we evaluate eq. (3.88) 
for N successive values of n corresponding to one period of x[ri\, we obtain 

k=.-w (3.89) 

k = <N} 

Thus, eq. (3.89) represents a set of N linear equations for the N unknown coefficients u; 
as k ranges over a. ^et of A r successive integers. It can be shown that this set of equations 
is linearly independent ^nd consequently can be solved to obtain the coefficients a k in 
terms of the given values of x[n\. In Problem 3.32, we consider an example in which the 
Fourier series coefficients are obtained by explicitly solving the set of N equations given 
in eq. {3. 89). However, by following steps parallel to those used in continuous time, it is 
possihle to obtain a closed-form expression for the coefficients *j t in terms of the values 
of the sequence x[n] 
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The basis for this result is the facu shown in Problem 3.54, that 

V e jka-*m* ^ \ N, * = 0. ±N, ±2N, . . . 
■^-i., 1 0, otherwise 



(3.90) 



Equation (3.90) states that the sum over one period of the values of a periodic complex 
exponential is zero, unless that complex exponential is a constant. 

Now consider the Fourier series representation of eq. (3.88) Multiplying both sides 
by e ~ J r,2irf to"> n and summing over N terms, we obtain 



2: *M 



Interchanging the order of summation on the right-hand side, we have 



(3.9U 



(3.92) 



From tha identity in eq. (3 , 9Q> 1 the innermost sum on n on the right-hand side of eq. (3.92> 
is zero* unless k — r is zero or an integer multiple of N. Therefore, if we choose values for 
t over the same range as that over which k varies in the ooier summation, the innermost 
sum on the right-hand side of eq r (3,92) equals N if k = r and if k # r. The right-hand 
side of eq, (3.92) then reduces to Na r> and we have 



a .- = j Z x W e 



-MlrtNln 



(393) 



fl=<A? 



This provides a closed-form expression for obtaining the Fourier series coefficients, 
and we have the discrete-time Fourier series pair: 



X ate''****" = X a k e> m -*™)n 



"it' — 






irttfln 



n=W> 



N 



n = '.N) 



(3.94) 
(3.95) 



These equations play the same role for discrete-time periodic signals that eqs. (3.38) and 
(3.39) play for continuous-time periodic signals, with eq. (3.94) the synthesis equation and 
eq (3.95) the analysis equation. As in continuous time, the discrcie-time Fourier series 
coefficients a^ are often referred to as the spectral coefficients of Jf[n]. These coefficients 
specify a decomposition of x[n] into a sum of N harmonically related complex exponen- 
tials. 

Referring to eq. (3,8B), we see that if we take Jt in the range from to N - 1 , we 
have 



x[n] = <zo<M«] + «i<fa[n] + ... + ««- i^AF-i[rtl. 



(3.%) 
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Similarly, if k ranges from 1 to N t we obtain 

*W = a\4>iW -H«2<fcrrtl -f ... + aAr^ w [n]. (3.97) 

From eq. (3.86). <£u[«l ■" <£//["]• and therefore, upon comparing eqs. (3 96) and (3.97), 
we conclude that tin = a^. Similarly, by letting jfc range over any set of N consecutive 
integers and using eq, (3,86), we can conclude that 

a k = a k , N . (3.98) 

That is, if we consider more than N sequential values of Jt, the values a^ repeat periodically 
with period N. It is important thai this fact be interpreted carefully, Ir particular, since there 
are only N distinct complex exponential that are periodic with period iV, the discrete- 
time Fourier series representation is a finite series with N terms. Therefore, if we fix "the 
A/ consecutive values of k over which we define the Fourier series in eq. (3,94), we will 
obtain a set of exactly N Fourier coefficients from eq. (3.95). On the other hand, at times 
it will be convenient to use different sets of N values of £, and consequendy, it is useful 
to regard eq. (3.94) as a sum over any arbitrary set of N successive values of k. For 
this reason, it is sometime* convenient to think of a k as a sequence defined for all values 
of k+ but where only iV successive elements in the sequence will be used in the Fourier 
series representation. Furthermore, since the 0jfc[n] repeat periodically with period V as 
we vary k [eq. (3,86)], so must the a k [eq, (3.98)]. This viewpoint is illustrated in the next 
example. 

Example 3. TO 

Consider the signal 

x[n] = siiibtan. (3.99) 

which is the discrete-time counterpart of the signal x{t) = sinwf,/ of Example 3,3, x[n] 
is periodic only if 2tt/wo is an integer or a ratio of integers. For the case when 2ir/w is 
an integer /v\ that is, when 

x[n] h periodic with fundamental period N, and we obtain a result that is exactly analo- 
gous lo the continuous -time case. Expanding the signal as a sum of two complex expo- 
nentials h we get 

x[n] = ^e'™** - -U &" f «*, (3.100) 

Comparing eq. (3.100) with eq. (3.94j, we see by inspection that 
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and the remaining coefficients over the interval of summation are zero. As described 
previously, these coefficients repeat with period /V; thus, a * + a is also equal to (1 12 j) and 
d\-i equals ( — 1/2/). The Fourier series coefficient* for this example with N = 5 are 
illusiratcd in Figure 3,1?. The fael that Ihey repeal periodically is indicated. However, 
only one period is utilized in the synthesis equation (3.94). 
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10 11 


k 



2J 
Figure 3.T3 Fourier coefficients for jr[n] = sin(2n75)n. 

Consider now the e^ie when 2tr/<ov> is a ratia of integers — that is t when 

zttM 

^ - --ST - 

Assuming that Af and /V do not have any common factors. x[n\ has a fundamental period 
of /v\ Again expanding jc[nl as a sum of two complex exponentials, we have 



x [ n ] = J_^wi*ww _ ' 



jM\2irtN}7i 



V 



2f 



from which we can determine by inspection that a M = {\t2j),a. M = { — 1/2 j), and the 
remaining coefficients over one peried of length /Y are zero. The Fourier coefficients 
for this example with M - 3 and A ? = 5 are depicted in Figure 3.14 Again, we have 
indicated the periodicity of the coefficients. For example, for N = 5 T g z = o_ ? , which 
in our example equals < - 1/2 j). Note h however, that over any period &f length 5 there are 
only two nonzero Fouriei coefficients, and therefore there are only two nonzero terms in 
the synthesis equation. 
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Figure 3-14 Fourier coefficients for x[ri\ = sln3{2*r/5)/j. 
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ExampJe 3.1 1 

Consider the signal 

-tfn] = 1 + si[i|^- 






This signal is periodic with period N t aad t as in Example 3.10 h we can expand z\ti] 
directly id terms of complex exponentials to obtain 

^/ 2 

Collecung terms, we find that 



A. [l e /ff«Vj2(2irjf^>ii + |I e -jfirf2 ^-^(ZmUVHi 



Thus the Founer series coefficients for this example ans 

ao ^ 1, 

3 1 3 i . 
fli = ^ + =T7 - ^ - ™J ; 



2 2; 2 



■?■ 



3 1 3 I , 

a ~ l ~ 2 ~2j ~ 2 + 2 J ' 
1 . 

1 

d 2 = -^ 

with at = for other values of £ in the interval of summation in the synthesis equa- 
tion O.Q4> Again, the Fvmricx coefficient! are periodic with period N, im t for example, 
flv == 1, «jn-i ■* | +■ ^ j, and ^_,v = |j r In Figure 3,15{a) we have plotted the real 
and imaginary parts of these coefficient for^ = 10. while the magnitude and phase of 
the coefficients are depicted in Figure 115(b). 

Note that in Example 3.11 b a_ f = a\ for all values of k. In fact, this equality holds 
whenever \[n] is real. The property is identical to one Chat we discussed in Section 3.3 for 
continuous-time periodic signals, and as in continuous time, one .implication is that there 
are two alternative forms for the discrete-time Fourier series of leal periodic sequences 
These forms are analogous to the continuous-time Fourier series representations given in 
eqs, (3.31) and (332) and are examined in Problem 3.52. For out purposes, the exponential 
form of the Fourier series, as given in eqs. (3.94) and (3.95), is particularly convenient, 
and we will use it exclusively. 
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Figure 3.15 (a) Real and imaginary parts of the Fourier series coefficients 
in Example 3.11; (b) magnitude and phase of the same coefficients. 
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Example 3.12 

In this example, we consider the djscrete-Time periodic squire wave ihown in Fig- 
ure 3.16. We can evaluate the Fourier serios for this signal imng cq (3.95) Because 
xln\ = 1 for -/V L ^ n ^ fti, it is particularly convenient to choose the length-ft" 
interval of nurmnatiun ineq. (3.95) so that it includes rhe range - N\ ^ « s Wj, In this 
case, wc can express mj, (3.95) 3i 

] *"' 




11111 Hill, 



-N -N, N, N 

Figure 3.16 Discrete -time periodic square wave. 
Letting m = n + .V|, we observe that 04. (3.102) becomes. 

«t-Ci 

1 ^i, 



(3.103) 



The summation in eq, (3. 103) onsistt, of the sum of the firat 2N t + 1 terms m a geometric 
series, which can be evaluated using the result of Problem 1.54, Thji yields 

I /l — j-^-*^W| + *VN 

_ _ _L-/*l2ir/yj.V, J * 

j tf J H2*t2S^ e _.l.lin,V i i-il2>f,\ _ € - } t2iri*n + \t2ltfii] (3 104) 

" # ""^ji^fffift-jfp/jtijwrav} _ g-fniwfzvn 
I sin\2irk(Nt + l/2)W| 



N sin(irjtW) 



k ^0. ±N>±2K.. 



aml 



tfi - ■ ■ ' + , Jt - 0, -±N t ±2W IT105) 

/V 

The coefficients tf* for 2Nt +1—5 are sketched for N — r 10. 20, and 40 m Figures 
3.17(a) h fb), and (c), respectively. 

In discussing the convergence of the continuous-time Fourier series in Section 3.4, 
we considered the example of a symmetric square wave and observed how the finite sum in 
eq. (3.52) converged to the square wave as the number of terms approached infinity, tn par 
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Figure 3, 1 7 Fourier series coefficients far the periodic square wave Df Ex- 
ample 3.12; plots of ,Va t for 2ATt +1=5 and (a) N = 10, (b) N = 20; and 
(c) tf = 40. 



ticular, we observed the Gibbs phenomenon at the discontinuity* whereby, as the number 
of terms increased, the ripples in the partial sum (Figure 3.9) became compressed toward 
tbe discontinuity, with the peak amplitude of the ripples remaining constant independently 
of the number of terms in the partial sum Let us consider the analogous sequence of partial 
sums for the discrete-time square wave, where, for convenience, we will assume that the 
period N is odd. In Figure J. 18, we have depicted the signals 



M 



m = ]T ate ^ lv/Ntn 



(3 106) 



k~- -M 



for the example of Figure 3,16 with /V = 9, 2/V| + 1=5, and for several values of A/. 
For M = 4,triepartial sumexactly equals jt[h]. We see in particular that In contrast tothe 
continuous -time case, there are no convergence issues and there is no Gibbs phenomenon. 
In fact, there are no convergence issues with the discrete-time Fourier series in general. 
The reason for this stems from, the fact that any discrete -time periodic sequence _v[rc] is. 
completely specified by a finite number N of parameters, namely, the values of the se- 
quence over one period. The Fourier series analysis equation (395) simply transforms this 
set of N parameters into an equivalent set — the values of the N Fourier coefficients — and 
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Figure 3-T8 Partial sums of eqs 
(3.106) and (3.107) for the periodic 
square wave of figure 3.16 with 
tf = 9 and 2^ +1 =5 (a) W = 1; 
(b) W = 2, (C) M = 3, (d) W = 4. 



the synthesis equation (3.94) tells lis how to recover the values of the original sequence in 
terms of a finite series. Thus, if N is odd and we take M — (N - l>/2 in eq. (3.106> T the 
sum includes exactly N terms, and consequently, from the synthesis equations, we have 
x[rtl = x[n]. Similarly, if N is &ven and wt let 



M 



x[ri] = ^T a^mvm^ 



<3.I07) 



a=-m+i 



then with Af = A72« this sum consists of ^V terms, and again, we can conclude from 
eq. (3.94) that x[n\ = x[n\. 

In contrast, a continuous-time periodic signal lakes on a continuum of values over 
a single period* atid an infinite number of Fourier coefficients are required to represent u. 
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Thus, in general, none of the finite partial sums in eq (3.52) yield the exact values ot x{t\ 
and convergence issues such as those considered in Section 3 t 4> arise as wc consider the 
problem of evaluating the limit as the number of terms approaches infinity. 



3.7 PROPERTIES OF DISCRETE TIME FOURIER SERIES 

There are strong similarities between the properties of discrete- time and continuous-lime 
Fourier series. This can be readily seen by comparing the discrete-time Fourier series- 
properties summarized in Table 3.2 with their continuous- time counterparts in Tabic 3-1 - 



TABLE 3,2 PROPERTIES OF DISCRETE-TIME FOURIER SERIES 



Property 



Periodic Signal 



Fourier Series Coefficients 



Linearity 
Time Shifting 
Frequency Shifting 
Conjugation 
Time Reversal 

Time Scahog 



Penocic Convolution 
Multiplication 
First Difference 
Running Sum 



Conjugate Symmetry tor 
Real Signali 



Real and Even Signals 
Real and Odd Signals 

Even -Odd Decompi>iition 
rjf Real Signals 



x\n] ) Periodic with period N and 

>^nl J fundamental frequency in H = lirtN 



Ax[n] +By[n] 

X[n - rt< t ] 

xt-n] 

[ x\nlm\, Lf n is a multiple of m 

[ h if n is not a multiple of m 

(periodic with period mN) 

X ^bri-.-i 

\\n]y[ti\ 

x\n] - x[n - I] 
V"- /fioitcvali 



x[n] red] 



x\ti\ real and even 
x[n] real and odd 

jr,[n] = Si^n)} [Tt[n] real] 
xjn] = Gd{ x [n]} [sLnlreal] 

Paiseval^Rclatiyn for Periodic Signal 



valued and periodic nnly 



v. urf = y u j 






Pcnod.t with 
periods 






1 /viewed as periodic 
"* * Vwith. pe nod m/v' 



y. fl/frji- 





i v>. 2W.\ 



" % >* 



) ( 



£m{oJ " -$v\{a L ) 
Kl = : f J 

aj. rea] and even 

tij. purely inl,.!g mary and D(ki 
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The derivations of many of these properties are very similar to those of the corresponding 
properties for continuous-time Fourier series, and several such derivations are considered 
rathe problems at the end of the chapter. In addition, in Chapter 5 we will see that most of 
the properties tun be inferred from corresponding properties of the discrete-time Fourier 
transform. Consequently, we limit the discussion in the following subsections to only a few 
of these properties, including &evera£ that have important differences relative to those for 
continuous time. We also provide examples illustrating the usefulness of various discrete - 
rime Fourier series properties for developing conceptual insights and helping to reduce the 
complexity of the evaluation of the Fourier series of many periodic sequences. 

As with continuous time, it is often convenient to use a shorthand notation to indicate 
the relationship between a periodic signal and its Fourier series coefficients. Specifically, 
if x[n] is a periodic signal with period N and with Fourier series coefficients denoted by 
a f , then we will write 

*l«] * * «*■ 

3.7. 1 Multiplication 

The multiplication property of the Fourier series representation is one example of a prop- 
erty that reflects the difference between continuous time and discrete time. From Table 3. 1< 
the product of two continuous-lime signals of period T results in a periodic signal with pe- 
riod T whose sequence of Fourier series coefficients is the convolution of the sequences 
of Fourier series coefficients of the two signals being multiplied. In discrete time, suppose 
that 



and 



ITS 

*L«1 * — * &k 



'SS 

y[n] * — > b k 



are both periodic with period N. Then the product *[*i}y["l i* also periodic with period N, 
and, as shown in Problem 3,57^ its Fourier coefficients, rf At are given by 

x[n)y[n] ^—> d k = ^ a t b k-h (3-10S) 

Equation (3.108) is analogous to the definition of convolution, except that the summation 
variabJe is now restricted to an interval of N consecutive samples. As shown in Problem 
3*57, the summation can be taken over any set of N consecutive values of I. We refer to this 
type of operation as a periodic convolution between the two periodic sequences of Fourier 
coefficients. The usual form of the convolution sum (where the summation variable ranges 
from -co to co) is sometiraes referred to as aperiodic convolution, to distinguish it from 
periodic convolution, 

3.7.2 First Difference 

The discrete-time parallel to the differentiation property of the continuous- time Fourier 
series involves the use of the first-difference operation, which is defined as x[n] - x\n - II. 
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If x[a] is periodic with period JV\ then so is v[n], since shifting x[n] or linearly combining 
x[n] with another periodic signal whose period is N always results in a periodic signal 
with period JV, Also, if 

x[n] < — > a h 
then the Fourier coefficients corresponding to the first difference of x[n] may be expressed 

HS 

x[n] - x{n - 1] *^U (1 -tf-'^^W (3. 109} 

which is easily obtained by applying the time-shifting and linearity properties in Table 3.2. 
A common use of this property is in situations whore evaluation of the Fourier series co- 
efficients is easier for the first difference than for the original sequence. (See Problem 
3.31.) 



3.7.3 Parse va Is Relation for Discrete-Time Periodic Signals 

As shown in Problem 3.57 T ParsevaJV relation for discrete-time periodic signals is given 
by 

where the a k are the Fourier series coefficients of x[n] and iV is the period. As in the 
continuous-time case, the left-hand side of ParsevaTs relation is the average power in one 
period for the periodic signal jr'n]. Similarly, \a k \ 2 is the average power in the £th harmonic 
component of x[n], TTius, once again, Parsevai's relation states that the average pewer in 
a periodic signa] equals the sum of the average powers in all of its harmonic components. 
In discrete time, of course* there are only N distinct harmonic components, and since the 
a k are periodic with period N, the sum on the right-hand side of eq. (3,U0) can be taken 
over any N consecutive values of k. 



3.7,4 Examples 

In this subsection, we present several examples illustrating how properties of the discrete- 
time Fourier series can be nsod to characterize discrete-time periodic signals and to com- 
pute their Fourier series representations. Specifically, Fourier series properties, such as 
those listed in Table 3.2, may be used to simplify the process of determining the Fourier 
series coefficients of a given signal. This involves fuTit expressing the given signal in terms 
of other signals whose Fourier series coefficients are already known or are simpler to com- 
pute. Then, using Table 3.2, we can express the Fourier series coefficients nf the given 
signal in terms of the Fourier series coefficients of the other signals. This is illustrated in 
Example 3 J 3. Example 3.14 then illustrates the determination of a sequence from some 
partial information. In Example 3. 15 we iilustrate the use of the periodic convolution prop- 
erty in Table 3,2, 
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Example 3.13 

Let us consider the problem df finding the Fourier series, coefficients a K of the sequence 
j[n] shown in Figure 3.19(a). This sequence has a fundamental period oF5_ We observe 
that x[n] may be viewed as the sum of the square wave jci[n) in Figure 3.19(h) and the 
dc tequence * % [n] i n Rgu re 3. 1 9(c). Denoting the Fourier series coefficients of a i [ n] by 
bt and those of ji [n) by c k , itffc use the linearity property of Table 3.2 to conclude that 

a k =bt + c k . (3.11 J) 
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Figure J. 19 (a) Periodic sequence x[n] for ExampJe 3.13 and its represen- 
tation as a sum of (b) the square wave *i[n] and {$) \Y& Cz sequence ^{/;], 

From Example 3 12 <w:th N\ = 1 ai>d tf = 5). the Founer senes coefficients b± corre- 
sponding in x\[ti\ can be expressed as 

1 sin(3irJt/5) 



j _ I 5 sin(irit/5) n 

3' 



forfc^O, ±5, ±10,.,. 



fort = 0, +5, ±10,... 



(3.112) 



The sequence x 2 [a] has only a dc value, which is captured by jls zemth Fourier 
series coefficient: 



Co = - 2 *2 [ti] *= 1' 



(3,113) 



n^ft 



Since the discrete-time Fourier series coefficients are periodic, it follows that l\ = 1 
whenver k is an integer multiple of 5. The remaining coefficients of x-^\n\ must be zero* 
because Xz[n] contains only a ic component. We can no* substitute the expressions for 
b t and c> into eq. (3. Ill) to obtain 



1 sin{3^*/5) 



At = 



5 shu>A/5) ' 



8 
5 h 



for* ^ 0, ±5, ±10,,.. 



for* = a ±5, ±10, ... 



O.H4) 
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Example 3, 1 4 

Suppose we are given the following facts about a sequence* x[n]: 

K x[n) is periodic with period N = 6 
2. ^.orLnl = 2. 

3. x;_,(-i>m*] = 1. 

4. x[n] has the minimum power per period among ihe set of signals saiisfying the 
preceding three conditions, 

Let u* determine the sequence j[nj. We denote the Fourier series coefficients of .\[n] by 
ay. From Fact 2, we conclude thai a a = 1/3 Noting that (-1)" - e >"" ■= f-W^j.^ 
we see from Fact 3 that a% = 1j'6. From Parseval h s relation (see Table 3.2)-, the average 
power in x[n] is> 



^ = 2>*i 



3.M5) 



t-t 



Since each nonzero coefficient contributes a positive amount to P, and iince the vidues 
of oil and a\ are prespecified T the value of P is minimized by choosing a i = <7; = ti4 = 
o^ - CI. It then follows that 



j[ft] - oo + fl^ J *" = (1/3) + (1/6H- IT, 
which j.5 sketched in Figure 3.20. 



(3.116) 
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Figure 3.20 Sequence x[n\ that is consistent with the properties specified 

in Example 3.14. 



Example 3.15 

In this example wedetermine and sketch a periodic sequence, given an algebraic expres- 
sion for its Fourier series coefficients. In the process, we will also exploit the periodic 
convolution property (see Table 3.2) cf the discrete-time Fourier series. Specifically, as 
stated in the table mid as "Shown in Problem 3.58, if x[rt] and y[n] are periodic with period 
N y then the signal 

Mil = 2! *l>M fl_r ] 

r-fN\ 

is also periodic with period AJ. Here, the summation may be taken over any set of N 
consecutive values of r. Furthermore, the Fourier series coefficients of w|>f] are equal to 
Natb t> where at and b^ are the Fourier coefficients of x\n] and y^n], respectively. 
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Suppose now that we axe told thai a signal w[n] is periodic with a fundamental 
period of JV = 7 and with Fourier series coefficients 

£i — — —? ~- (3.117) 

1 sm £ (irk/l) 

We observe that c k = 7rfJ, where d k denotes the sequence of Fourier series coefficients 
of a square wave x\n\. as in Example 3,12, wiih tf, =^ I and/V = 7. Using the periodjc 
convolution property, we net that 

w[nJ = 2 *[r]*[»- r] = ^ r[j-Jjr[n- rj. (3. MS) 

where, in the last equality, we have chosen to sum over the interval - 3 ^ r ^ 3. Except 
for the fact that the sum is limited to a finite interval, the ptoduct-and-sum method for 
evaluating con volution is applicable here. In fact, we can convert eq r (3.118) to an ordi- 
nary convolution by defining a signal j£[n] that equals *lr*J for —3 ^ n ^3 and in z«o 
otherwise. Then, from eq T (3.1 IRK 






f = -3 



That is a iv[jiJ it, the aperiodic convolution of the sequences x[n] and x[n]. 

The sequences x[r], *[r] T and ^In- r] are sketched in Figure 3.2 1 (aMc)- From the 
figure wc can immediately calculate w[n]. In particular we see that w[0] = 3;w[-l] = 
n>[l] = 2; w[-l\ = w[2] = 1; and w[-3] *= w[3J = 0. Since w[n] is periodic with 
period 7 T we can then sketch w[tt] as shown in Figure 3.21 (d). 



3.8 FOURIER SERIES AND LTJ SYSTEMS 



In the preceding few sections, we have seen that the Fourier series representation can 
be used to construct any periodic signal in discrete time and essentially all periodic 
continuous- time signals of practical importance. In addition, in Section 3.2 we saw that 
the response of an LTI system to a linear combination of complex exponentials takes a 
particularly simple form. Specifically, in continuous time, if x(r) = e* J is the input to 
a continuous-time LTI system, then the output is given by y(/) = HU)e Sf , where, from 
eq. (3.6), 



H(s) = I h(7)e-"dr t (3.119) 

in which h(t) is the impulse response of the LTI system. 

Similarly, if Jrfn] - z" is the input to a discrete-time LTI system, then the output is 
given by y[n] = H(z)z n * where, from eq. (3.10), 

-1-= 
in which h[n\ is the impulse response of the LTI system. 
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Figure 3,2 T (a) The square-wave sequence x[r] in Example 3.15; (b) the 
sequence x[r] equal to x[r] for -3 ^ r ^ 3 and zero othprwise (c) the 
sequence x[/r — r]; (d) the sequence tv|n] equal to the periodic convoluted of 
x[n] with itself and to the aperiodic convolution of x[n] with x[n] 

When, s or z are general complex numbers, H{s) and //(?) are referred to us the 
system functions of the corresponding systems. For continuous-time signals and systems 
in this and the following chapter, we focus on the specific case in which <Jte{j} = 0, so that 
a = jai, and consequently, e" U of the form e J<at . This input is a complex exponential at 
frequency tu. The system function of the form $ = jut-^ i.e., H{jtit\ viewed as a function 
of a — ih referred to as the frequency response of the system and is given by 



-i 



H{jm) = h(t)e- J "'dL 



(3.121) 
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Similarly, for discrete-time signals and systems, we focus in this chapter and in 
Chapter 5 on values of ; for which \z\ = \> so that z = e lw and z" is of the form e }tav . 
Then the system function H(z) for z restricted to the form z = e Jffi is referred tc as the 
frequency response of the system, and is given by 

■+•*, 
H{e j *) = ^T h{n]e Jtifn {3.122) 



The response of an LT1 system to a complex exponential signal cif the form * JW ' (in 
continuous tirne) or n-*™" (in discrete time) is particularly simple la express in terms of the 
frequency response of the system. Furthermore, as a result of the superposition property 
for LTl systems, we can express the response of an LTl signal to a linear comb Lit ation 
of complex exponentials with equal ease. In Chapters 4 and 5, we will see how wc can 
use these ideas together with continuous-time and discrete-time Fourier transforms to an- 
alyze the response of LTT systems to aperiodic signals. In the remainder of this chapter, 
as a first look at this important set of concepts and results, we fi>cus on interpreriag and 
understanding this notion in the context of periodic signaJs. 

Consider first the continuous-time case, and let jt(n he a periodic signal with a 
Fourier series representation, given by 

i *■ 
x{t) = ^ a* e'** 1 *'. (3.123) 

Suppose that we apply this signal as the input to an LTl system with impulse reiponse 
k(t). Then, since each of the complex exponentials in eq. (3 J 23) is an eigenfunction of 
the system, as in eq r (3. 1 3) with s k = jkwa, it follows that the output is 



yU) = 2] a Jt //{y* M °)r /W - (3 124i 

Thus, y{t) is also periodic with the same fundamental frequency as x(t). Furthermore, if 
{a k } is the set of Fourier series coefficients for the input x(t) r then {a*//(;fcwo)] r is the 
set of coefficients for the output yU\ That is, the effect of the LTT system is to modify 
individually each of the Fourier coefficients of the input through multiplication by the 
value of the frequency response at the corresponding frequency. 



Example 3.T6 

Suppose that the periodic signal jc{t) discussed in Example 3,2 is the input signal to an 
LTl system with impulse response 
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To calculate ihe Fourier series coefficients of the output y(t), we first compute the fre- 
quency re&pnnset 

H(j&) = I e-^-^dr 






1 



1 + joi 

1 



£ e 



l.-JtoT 



(3.125) 



Therefore, using eqs. (3.124) and (3.125). toother with the fad thai wu = Itt in this 
eKaiupk. wt obtain 



-i 



mo= X**^* 2 "'' n - 12 ^ 



t--3 

with£ A = a k H(jk2Tr), iothat 

*u = 1, 



I/_J \ h _\( 1 

2^1-y4ir/ h " 2 2^1- j4tt 



b2 = i _1^ fc_ 2 = i ^J^- L (3.127) 



3\l - j6ir| " J 3 \l - Jorr 

Note that >-(rt must be a real-valued signal, since il is the convolution of *{t) and Ji(f) t 
which are both real This can be verified by examining eq. (3.127) and observing that 
&l = *-*, Therefore. >■(*) can also be expressed m either of the forms given in eqs. (3.31) 

and (3.32); that is, 

3 

y{t) ==- ] +2^ Dt Cos(27rjt/ +6 k ), (3-i28) 



*- 



or 



3 

v(0 = 1 +■ 2^ [E k cos 2irkt- F t iin 2irJtf], (3.129) 

i = l 



where 



£ fe = D k e J *» = Ei+ jF k . * = 1, 2, 3. (3.130) 

These coefficients can be evaluated directly from eq. (3.127). for example, 

Dt - |fr|| - 0, = <ij, = -tan _t (27r). 

4V1 + 4tt 2 
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In discrete time, the relationship between the Fourier series coefficients of the input 
and output of an LIT system exactly parallels eqs. (3.123) and (3-124). Specifically, let 
x[n) be a periodic signal with Fourier series representation given by 

x[n\ = ]T a k tW™#* 

If we apply this signal as the input to an LTI system with impulse response h[ti\, then, ai. 
in eq. (3.16) with zt = e jka ^^\ the outout is 

y[n] = ^ a k H{e^ A/N )e Jt ^ ,N) \ (3.131) 

Thus, y[ri\ is aJso periodic with the same period as *[it], and the Ath Fourier coefficient of 
y[n] is the product of the JUh Fourier coefficient of the input and the value of the frequency 
response of the LTI system, me* 2 **-'* 4 ), at the corresponding frequency. 

Example 3.17 

Consider an LTI system with impulse response h[n] - a"u[n]>-\ <a < 1, and with 
the input 

j[n] = cosf^^ . (3.132) 

As in Example 3,10, x[n\ can be written ia Foiiner series form as 

Also, from eq. (1122). 

This geometric series can be evaluated using the result of Problem 1 .54, yielding 

Using eq, (3.131), we then obtain uV Fourier series for the output: 

>'[«! - Iff (*ji^J*/rt"-")« + i//^ ^) e &**** 

(3.135> 



2 1 1 - ae"-^'* } 2 \ 1 - ff^^TW 
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If w< write 

1 y* 



1 - fltf 'J2*'" 

then eq. (3 1 35) reduces to 

v[n] = rcoJ^/t + 0|. (3,136) 

For example, if N = 4, 



1 1 1 



and thus, 



£ J{ -tan ■(*)) 



y[nj = — cos — - tan 'ft*) . 

We note that for expressions such as eqs. (3.124) and (3.131) to make sense, the 
frequency responses H{jti>) andH{e^) in eqs, (3121) and (3,122) must be well defined 
and finite. As we will see in Chapters 4 and 5, this will be the case if the LTT systems 
under consideration are stable. For example, the LTI system in Example 3 J 6, with impulse 
response h{t) = e~ r tt({}, is stable and has a well-defined frequency response given by 
eq h (3.125). On the other hand, an LTI system with impulse response A(r) = e'u[t) is 
unstable, and it is easy to check that the integral in eq. (3,121) for H{j(n) diverges for 
any value of to. Similarly, the LTI system in Example 3.17, with impulse response h[n\ = 
a n u[ri], is stable for for| < 1 and has frequency response given by eq. (3.134). However, 
if \a | > 1 T the system is unstable, and then the summation m eq. (3 . 133) diverges. 



3.9 FILTERING 



In a variety of applications, it is of interest to change the relative amplitudes of the fre- 
quency components in a signal or perhaps eliminate some frequency components entirely, 
a process referred to as filtering. Linear time-in variant systems that change the shape of the 
spectrum are often referred to as frequency-shaping filters. Systems that are designed to 
pass some frequencies essentially undiitorted and significantly attenuate or eliminate oth- 
ers are referred to as frequency-selective fillers. As indicated by eqs. (3< 1 24) and (3.131), 
the Fourier series coefficients of the output of an LTI system are those of the input multi- 
plied by the frequency response of the system. Consequently, filtering can be conveniently 
accomplished through the use of LTI systems with an appropriately chosen frequency re- 
sponse^ and frequency -domain methods provide us with the ideal tools to examine this 
very important class of applications. In this and the following two sections, we take a first 
look at nliering through a few examples. 
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3.9.1 Freq u enty-Shapi ng Filters 

One application in which frequency -shaping filters are often encountered is audio sys- 
tems. For example, LTI filters are typically included in such systems to permit the listener 
to modify the relative amounts of low-frequency energy (bass) and high-frequency en- 
ergy (treble). These filters correspond to LTI systems whose frequency responses can be 
changed by manipulating the tone controls. AIso T in high-fidelity audio systems, a so-called 
equalizing filter is cfteo included in the preamplifier to compensate for the frequency- 
response characteristics of the speakers. Overall, these cascaded filtering stages are fre- 
quently referred to as the equalizing or equalizer circuits for the audio system. Figure 3,22 
illustrates the three stages of the equalizer circuits for one parti cular series of audio speak- 
ers In this figure, the magnitude of the frequency response for each of these stages is shown 
on a log-log plot. Specifically, the magnitude is in units of 201og 10 \H(jw)\ t referred to as 
decibels or dB. The frequency axis is labeled in Hz (i.e., W2ir) along a logarithmic scale. 
As will be discussed in more detai I in Section 6. 2 3 , a logarithmic displ ay of the magnitude 
of the frequency response in this form is common and useful. 

Taken together, the equalizing circuits in Figure 3.22 are designed to compensate for 
the frequency response of die speakers and the room in which they are located an<i to allow 
the listener to control the overall frequency response. In particular, since the three systems 
are connected in cascede, and since each system modifies a complex exponential input 
Ke***J hy multiplying it by the system frequency response at that frequency, it follows that 
the overall frequency response of the cascade of the three systems is the productof the three 
frequency responses. The first two filters, indicated in Figures 3.22(a) and (b) b together 
make up the control stage of the system, as the frequency behavior of these filters can be 
edjustedby the listener. The third filter, illustrated in Figure 3,22{c), is the equalizer stage, 
which has the fixed frequency response indicated. The filter in Figure 3.22(a) is a low- 
frequency filter controlled by a two-position switch, to provide one of the two frequency 
responses indicated. The second filter in the control stage has two continuously adjustable 
slider switches to vary the frequency response within the limits indicated in Figure 3, 22(b), 

Another class of frequency-shaping filters often encountered is that For which the 
filter output is the derivative of the filter input, i.e.* y(t) = dxtyydt. With x(t) of the form 
x{t) = ei ul t y{f) will be y\i) = j<t>e iuT , from which it follows that the frequency response 
is 

H{jta) = M (3.137) 

The frequency response characteristics of a differentiating filter are shown in Figure 3.23, 
Since Hijiti) is complex in general, and in this example in particular, H(jw) is frequently 
displayed (as in the figure) as separate plots of \H (jto)\ and </f(;w) r The shape of this fre- 
quency response implies that a complex exponential input e* or will receive greater ampli- 
fication for larger values of <a. Consequently, differentiating Miters are useful in enhancing 
rapid variations or transitions in a signal. 

One purpose for which differentiating filters are often used is to enhance edges in 
picture processing. A black-and-white picture can be thought of as a two-dimensional 
"continuous-time" signal i(j L ]h f 2 >* where t\ and Vi are the horizontal and vertical coordi- 
nates, respectively, and _v(f), rj) is the brightness of the image. If the image is repeated 
periodically in the horizontal and vertical directions, then it can be represented by a two- 
dimensional Fourier series (see Problem 3.70) consisting of sums of products of complex 
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Figure 3.22 Maflnjtudes of the frequency responses of the equalize; 
circuits for one particular series of audio speakers, shown on a scale of 
20loQ ]W(/flj)|. Which is referred to as a decibel (or rtB) scale, (a) Low- 
frequency filter controlled by a two-position switch; {b) upper and lower 
frequency limits on a continuously adjustable shaping filter (c) fixed 
frequency response of trie equalizer stage. 
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Figure 3,23 Characteristics of the 
frequency response of a filter for which 

the oulpiJt is the derivative of the in- 
:>ut. 



exponentials, f- rilJ|r| and e'*"-'- p that oscillate At possibly different frequencies m each of 
the (wo coordinate directions. Slow variations, in brightness in a particular direction are 
represented by the lower harmonics in that direction, For example, consider an edge cor- 
responding to a sharp transition in brightness that runs vertically in an image. Since the 
brightness is constant or slowly varying along the edge, the frequency content or the edge 
in the vertical direction is concentrated at low frequencies In contrast since there ls an 
abrupt variation in brightness across the edge, the frequency content (if the edge in the 
horizontal direction is concentrated at higher frequencies, Figure 3.24 illustrates the Effect 
on an image of the two-dimensional equivalent of a different aimg filter. 1 ' Figure 3.24(a) 
shows two original images and Figure 3.24(b) the result of processing those images with 
the filter Since the derivative al the edge* of a picture is greater than in regions where the 
brightness varies slowly with distance, the effect of the filter is to enhance the edges. 

Discrete-time LT1 filters also find a broad array of applications. Many of these in 
vulve the use of discrete-time systems, implemented using general- or s pee ial- purpose 
digital processors, to process continuous- time signals, a. topic we discuss at some length in 
Chapter7. In addition, the analysis of time series information, including demographic data 
and economic data sequences such as the stock market average, commonly involves the 
use of discrete-time filters. Often the long-term variations (which correspond to low fre- 
quencies.) have a different significance than the short-term variations (which correspond to 
high frequencies), and it is useful to analyze these components separately. Reshaping the 
relative weightmg of the components is typicaJly accomplished using discrete -time filters. 

As one example of a simple discrete -;i me filter, consider an LTI sjstem that succes- 
sively takes a two-point average of the input values: 



jhi = ^u[«] + jfh - m. 



(3.138) 



^Specifically each Ullage in Figure 3.2-Mb) is (lie magnitude 01 iht: twn-dimen^nal eracheul nf its 
counterpart image in Figure 3 34(a) where the gradient of f{x, >■") i$ defined as 
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TK?!i re 32 u * Effect °! a diffe « ntiatin 3 ffker o" an image (a) two original images- 
ID) the resuftcf processing fle original images witti a differentiating filter. 

In this case h[n] = J(Sf«] + S[ n - 1]). and from eq. (3] 22), we see that the frequency 
response of the system is 



«CO = g[l + *"J-J = e >*cos{W2). 



(3.139) 



^e magnitude of ff|>^) is plotted in Figure 3,25(a.) s and 4tt{^> is shown in Figure 
3.25(b), As discussed in Section 1,3,3, low frequencies for discrete-time complex expo- 
nents occur near w = 0, ±1<jt, ±4*-,. .., and nigh frequencies near *> = ±n ±3tt 
msisaresukofthefacttiiat^^^ = ^ ^, so that in discrete time we need on! v con- 
sider a 2ir interval of values of m in order to cover a complete range of distinct discrete- 
time frequencies. As a consequence, any discrete-time frequency responses Hie**) must 
be periodic with period 2n, a fact that can aJso be deduced directly from cq (3 122} 

a HiS*^ f P f cific r fil, f dcfined in ^ C3138) and < 3 - 139 >- we see from Figure 3.25(a) 
. Wit^X "* l«g* for frequencies near ai = and decreases as *e increase |w[ toward 
at, indicating that higher frequencies are attentuated more than lower cnes. For exam- 
ple, if the input to this system is constant— i.e., a zero-frequency complex exponential 
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Figure 3.2 s (a) Magnitude artf 

(h) pttase for the frequency response 
of the disGrate^frrie LTt system 
jrfrtl-!iE<Jfrrt]+jr[fl~1]>. 

jc[h] - flV " = £™toeiitheoutpuiwillbe 

yfrl - ff{er a )Kef»* H ^ K ^ *[*]. 

On the other hand, if the input is (tie high-frequency signal x[n] - Ke /m - K{- l) n , 
then the output will be 

Thus, this system separates out the long-term constant value of a signal from its high- 
frequency fluctuations and, conssquend y, represents a first example of f requency-seiecti ve 
filtering, a tapic we look at more carefully m the next subsection. 

3.9.2 Frequency-Selective Filters 

fequeucy-seiective fitters ant a class of filters specifically ittteaded to accurately or 
approximately select some bands of frequencies and reject others. Th& use of frequeeicy- 
seiecfcive fillers arise* sc a variety of situations. For example, if noise in aft audifr recording 
is in a higher frequency band than the music or voice on. the recording is, it can be 
removed by freque&cy-#elective filtering. Another important apphoatiore of frequency- 
se=fec*ive Alters is in communication systems. As we discuss in detail in Chapter B, tiie 
basis for amplitude modulation (AW) sysrams is the transmission of information from 
many diffeterrt sources ftrmuitaacousiy by putting the information from each channel into 
a separate frequency band and tKbr&cting (fee ittdividuaJ chaatiefcs or bands a*, the receiver 
using frequency -selective filters. Prequency-s«lecrive ftlterfifor separating tht individual 
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channels and frequency-shaping filters (such as the equalizer illustrated in Figure 3,22) 
for adjusting the quality of the tone form a major part of any home radio and television 
receiver. 

While frequency selectivity is not the only issue of concern in applications, its broad 
importance has led to a widely accepted set of terms describing the characteristics of 
frequency- selective filters. In particular, while ttie nature of the frequencies to be passed 
by a frequency-selective niter varies considerably from application to application, several 
basic types of filter are widely used and have been given names indicative of their func- 
tion. For example, a iowpa ss filter is a filter that passes low frequencies — i,e., frequencies 
around at = — and attenuates or rejects higher frequencies. A hignpavs filter is a filter 
th&t passes nigh frequencies and attentuates or rejects low ones, and a bandpass filter is a 
filter that passes a band of frequencies and attenuates frequencies both higher and lower 
than those in the band that is passed. In each case, the cutoff frequencies are the frequen- 
cies defining the' boundaries between frequencies that are passed and frequencies that are 
rejected — i.e., the frequencies in the passband and stophand^ 

Numerous questions arise in defining and assessing the quality of a frequency- 
selective filter. How effective is the filter at passing frequencies in the passband? How 
effective is it at attentuating frequencies in the stopband? How sharp is the transition 
near the cutoff frequency — i.e.* from nearly free of distortion in the passband to highly 
attenuated in the stopband? Each of these questions involves a comparison of the charac- 
teristics of an actual frequency-selective filter with those of a filter with idealized behavior. 
Specifically, an ideal frequency-selective filter is a. filter that exactly passes complex ex- 
ponentials at one set of frequencies without any distortion and completely rejects signals 
at all other frequencies. For example, a continuous-time ideal lowpaxs filter with cutoff 
frequency w c is an LTJ system that passes complex exponentials e fM for values of w in the 
range -ta t ^ a> ^ at c and rejects signals at all other frequencies. That is, the frequency 
respon.se of a continuous-time ideal lowpass filter is 



tf<» = 



1, 



M 



01 4 



0, |to| > w c 



(3 140) 



as shown in Figure 3,26. 
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Figure 3.26 Frequency response of 
an ideal lowpass filter. 



Figure. 3.27(a) depicts the frequency response of an ideal continuous-time "highpass 
filter with cutoff frequency tu<, and Figure 3.27(h) illustrates an ideal continuous-time 
bandpass filter with lower cutoff frequency €i> r i and upper cutoff frequency w^. Note that 
each of these filters is symmetric about at = G\ and thus, there appear to be two passbands 
for the highpass and bandpass filters. This is a consequence of our having adopted the 
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Figure 3.27 (a) Frequency re- 
sponse of an tfeal high pass finer; 
(b) frequency response of an ideal 
bandpass filter. 



use of the complex exponential signal e-'^K rather than the sinusoidal signals sin to f and 
cos a>t t at frequency at. Since &"' = ct>Stt»r + jsmtat and e~ f(MfI = cos air — j sin *>r both 
of these complex exponentials are composed of sinusoidal signals at the same frequency at . 
For this reason, we usually define idea! filters so that they have the symmetric frequency 
response behavior seen in Figures 3.26 and 3.27, 

In a similar fashion, we can define the corresponding set of ideal discrete-time 
frequency-selective filters L the frequency responses for which are depicted in Figure 3.28. 
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Figure 3.28 Discrete-time ideal 
fnjquancy-selscuve ftters: (a) loupass; 
(b) highpass; (c) bandpass. 
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In particular. Figure 3.28(a) depicts an idea] discrete-time lowpass filter, Figure 3.23(b) 
is an ideal highpass filter, and Figure 3.28(c) is an ideal bandpass filter. Note that, as 
discussed in the preceding section, the characteristics of the continuous- time and discrete- 
time ideal filters differ by virtue of the fact that, for discrete-time filters, the frequency 
response H(e^ ) must be periodic with period 2ir, with low frequencies near even multi- 
ples of 7T and high frequencies near odd multiples of tt. 

As we will see on numerous occasions, ideal filters are quite useful in describing ide- 
alized syscem configurations for a variety of applications. However, they are not realizable 
in practice and must be approximated. Furthermore, even if they could be realized, some ot 
the characteristics of ideal filters might make them undesirable for particular applications, 
and a nonideal filter might in fact be preferably 

In detail the topic of filtering encompasses many issues, including design and imple- 
mentation. While we wilJ riot delve deeply into the details of filter design methodologies, 
in the remainder of this chapter and the following chapters we will see a number of other 
examples of both continuous-time and discrete-time filters and will develop the concepts 
and techniques that form the basis of this very important engineering discipline. 

3 JO EXAMPLES OF CONTINUOUS-TIME FILTERS DESCRIBED 
BY DIFFERENTIAL EQUATIONS 

In many applications, frequency-selective filtering is accomplished through the use of LTT 
systems described by linear constant-coefficient differential or difference equations. The 
reasons for this are numerous. For example, many physical systems that can be inter- 
preted as performing filtering operations are characterized by differential or difference 
equations. A good example of this that we will examine in Chapter 6 is an automobile 
suspension system, which in part is designed to filter out high-frequency bumps and ir- 
regularities in road surfaces. A second reason for the use of filters described by differen- 
tial or difference equations is that they are conveniently implemented using either analog 
or digital hardware. Furthermore, systems described by differential or difference equa- 
tions offer an extremely broad and flexible range of designs h allowing one, for example, 
to produce filters that are close to ideal or that possess other desirable characteristics. In 
this and live next section, we consider several examples that illustrate the implementation 
of continuous-time and discrete-time frequency-selective filters through the use of dif- 
ferential and difference equations. In Chapters 4-6, we will see other examples of these 
classes of filters and will gain additional insights into the properties that make them so use- 
ful. 

3. 1 0.1 A Simple RC Lowpass Filter 

Electrical circuits are widely used to implement continuous-time filtering operations. One 
of the simplest examples of such a circuit is the first-order RC circuit depicted in Fig- 
ure 3.29, where the source voltage v s (t) is the system input. Tbis circuit can be used to 
perform either a lowpass or highpass filteriug operation, depending upon what we take 
as the output signal. In particular, suppose that we take the capacitor voltage v<.(t) as the 
output. In this case, the output voltage is related to the input voltage through the linear 
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Figure J.29 Rrst-ord&r RC filter. 



constant- coefficient differential equation 






<3.U1> 



Assuming initial rest, the system described by eq. (3.141) is LTL In order to determine 
its frequency response H{ja>), we note that, by definition, with input voltage v,(f) = e s "\ 
we must have the output voltage v c {t) = ff(jw)e jat Af v/e substitute these expression into 
eq, (3.141). we obtain 



RC -r[H(ja>)e**> f ] + H(jt*iW' = e^. 



or 



from which it follows directly that 

1 



or 



H{}i*W' = 



H(M - 



l + RCja> 



,/*" 



(3.142) 



<3.143) 



(3.t44) 



1 

1 + RCjto ' 



(3. 145) 



The magnitude and phase of the frequency response H(jw) for Ehis example are 
shown in Figure 3.30. Note that for frequencies near<w = T |//(yw)[ « 1, while for larger 
values of <t> (positive or negative), \H(ja>^ is considerably smaller and in fact steadily 
decreases as \at\ increases. Thus, this simple RC filter (with v c (t) as output) is a nonideal 
lowpass filter. 

To provide a first glimpse at the trade-offs involved in filter design, let us briefly 
consider the time-domain behavior of the circuit, hi particular, the impulse response of the 
system described by eq, (3. 1 4 1 ) is 



A(0 = 



h -r/*C 



RC 



«OX 



(3,146) 
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Figure 3.3t> (a) Magnitude and (b) phase plots for the frequency response 
Iot thfc ftC circuit of Figure 3.2Q with output v c [t). 



and the step response is 



jCO = U-* 



-*/*c 



W». 



(3.147) 



both of which are plotted in Figure 5.31 (where t = RC). Co-rnparing Figures 3.30 and 
3,3 J, we see a fundamental trade-off. Specifically, suppose that we would like our filter 
to pass only very low frequencies. From Figure 3, 30(a), this implies that 1/RC must be 
small, or equivalendy, that RC is large, so that frequencies other than the low ones of 
interest, will be attenuated sufficiently. However, looking at Figure 3.31(b), ^e see that 
if RC is large, then the step response will Uke a considerable amount of lime to reach its 
long-term value of J . That is, the system responds sluggishly to the step input. Conversely, 
if we wish to have a Faster step respoDse, we need a smaller value of RC. which in tuim 
implies that the filter will pass higher frequencies. This type of trade-off between behavior 
in the frequency domain and in the time domain is typical of the issues arising in the dosign 
and analysis of LTI systems and filters mid is a subject we will look at more carefully in 
Chapter 6. 



3.10.2 A Simple RC Highpass Filter 

As an alternative to choosing the capacitor voltage as the o\itput in our RC circuit, we can 
choose the voltage across the resistor. In this case, the differentia] equation relating input 
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(a) 




(b) 



Figure 3.31 (a) Impulse response 
of ths first-order RC lowp&ss titter wFth 
-r - AC; (b) step response of RC tow- 
pass filter with t = RC. 



and output is 



RC — ; — + v r (r) = RC 



dt 



dt 



(3.148) 



We can find the frequency response G{ju>) of this system in exactly the same way vte did 
in the previous case: If v s {t) = e JM t then we must have v r (t) = G{ja>)e Jtot \ substituting 
these expressions into eq, (3.148} and performing a bit of algebra, we find thai 



GO) = 



1 + jwRC' 



(3 J 49) 



The magnitude and phase of this frequency response are shown in Figure 3 .32, From the 
figure., we see that the system attenuates lower frequencies and passes higher frequencies — 
i.e., those for which |bj| ^ WRC — with minimal attenuation. That is, this system acts as 
a ncmideal high pass filter 

As with the lowpass filter, the parameters of the circuit control both the frequency 
response of the highpass filter and its time response characteristics. For example, consider 
the step response for the filter. From Figure 3,29, we see that v r (f) = v s {t) - v<,(/). Thus, 
if v s (0 — ^*/)» v < ( f ) must be given hy eq. (3.147). Consequently, the step response of the 
highpass filter is 



„ rfr ) = e- t/RC u(t\ 



(1150) 



which is depicted in Figure 3.33, Consequently, as RC is increased, the response becomes 
more sluggish — i.e., the step response takes a longer tijrie to reach its long-term value 
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(b) 

Figure 332 (aj Magnitude and (U) phase plots for the frequency response 
of the AC circuit of Figure 3.29 with oirtput v f (t). 




Figure 3.33 Step response of tris 

first-ordef RC highp^ss filter with 
t = RC 



of 0. From Figure 3.32, we see that increasing RC (or equivalent!;/, decreasing \iRC) 
also affects the frequency response, specifically, it extends the passband down to Ji>wer 
frequencies. 

We observe from the two examples in this section that a simple RC circuit can serve 
as a rough approximation to a highpass or a lowpass filter, depending upon the choice of the 
physical output variable. As illustrated in Problem 3 7 1 , a simple mechanical system using 
a mass and a mechanical dampercan also serve as a lowpas.s i>t highpass fitter described by 
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analogous first-order differentia] equations. Because of their simplicity, these examples of 
electrical and mechanical filters do not have a sharp transition from passband to stopband 
and, in fact, have only a single parameter (namely, RC in the electrical case) that con- 
trols both Che frequency response and time response behavior of the system. By designing 
more complex filters, implemented using more energy storage elements {capacitances and 
inductances in electrical filters and springs and damping devices in mechanical filters), 
we obtain filters described by higher order differential equations. Such filters offer con- 
siderably more flexibility in tenuis of their characteristics, allowing, for example, sharper 
pa&sband-stcpband transition of more control over the trade-offs between time response 
and frequency response. 

3.1 1 EXAMPLES OF DISCRETE-TIME FILTERS DESCRIBED 
BY DIFFERENCE EQUATIONS 

As with their continuous-time counterparts, discrete-time filters described by linear 
constant-coefficient difference equations are of considerable importance in practice. In- 
deed, since they can be efficiently implemented in special- or general -purpose digital 
systems, filters described by difference equations are widely used in practice. As in al- 
most all aspects of signal and system analysis, when we examine discrete-lime filters 
described by difference equations, we find both strong similarities and important differ- 
ences with the continuous-time case. In particular, discrete-time LTI systems described 
by difference equations can either be recursive and have impulse responses of infinite 
length (IIR systems) or be nonrecursive and have Aniie-length impulse responses {FIR 
systems). The former are the direct counterparts of continuous-time systems described 
by differential equations illustrated in the previous section, while the latter are also of 
considerable practical importance in digital systems. These two classes have distinct sets 
of advantages and disadvantages in terms of ease of implementation and in terms of the 
order of filter or the complexity required to achieve particular design objectives. In this 
section we limit ourselves to a few simple examples of recursive and nonrecursive filters, 
while in Chapters 5 and 6 we develop additional tools and insights that allow us to analyze 
and understand the properties of these systems in more detail, 

3. T t . 1 First-Order Recursive Discrete-Time Filters 

The discrete-time counterpart of each of the first-order filters considered in Section 3.10 
is tlie LTI system described by the first-order difference equation 

y[«]-tfy[w- 1] = x\n). (3.151) 

From the eigenfunction property of complex exponential signals, we know thai if x[n] = 
e^ n y then y[n] = H(e^)e^", where H(e JI °) is the frequency response of the system. 
Substituting into eq. (3.151 ) T we obtain 

H(e JW )e J ^ tt - aff(V*V" ( '"~ 11 = *'*"'. (3 152) 



or 



[1 - ae ^]H{e^)e^ n = #'"*, (3 153) 
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so lhat 

] — ae J™ 

The magnitude and phase of Hie^ ) are shown in Figure 3. 34(a) for a = 0.6 and in Figure 
3.34(b) for a = —0.6. We observe that, for the positive value of d, the difference equation 
(3.151) behaves like a lowpass niter with minimal attenuation of low frequencies near 
<jj = and increasing attenuation as we increase t> toward w — tt. For the negative value 
of#, the system is a highpass filter, passing frequencies near w = n and attenuating lower 
frequencies. In fact, for any positive value of a < 1, the system approximates a lowpass 
filter, and for any negative value of a > - 1, the system approximates a highpass filter, 
where \a\ controls the size of the filter passband, with broader passbands as \a\ is increased. 
As with the continuous-time examples, we again have a trade-off between time do- 
main and frequency domain character] sties. In particular, the impulse response of the sys- 
tem described oy eq. (3.151) is 

h[n] = a n u[nl (3.155) 

The step response s[n] =■ u[n] * k[n] is 

1 - a rt+l 
S [n] = — ~ji[h] (3.156) 

1 — a 

From these expressions, we see that \a\ also controls the speed with which the impulse and 
step responses approach their long-term values, with faster responses for smaller values 
of |a| 5 and hence, for filters with smaller passbands. Just as with differential equations, 
higher order recursive difference equations can be used to provide sharper filter charac- 
teristics and to provide more flexibility in balancing time-domain and frequency -domain 
constraints. 

Finally, note from eq. (3,155) that the system described by eq. (3. 151) is unstable 
if \a\ > I and thus does not have a finite response te complex exponential inputs. As we 
stated previously, Fourier -based methods and frequency domain analysis focus on systems 
with finite responses to complex exponentials; hence, for examples such as eq. (3.1 5 1), we 
restrict ourselves to stable systems. 

3.TI.2 Nonrecursfve Diicrete-Tlme Filters 

The general form of an FIR nonrecursive difference equation is 

lc=-N 

That is, the output y[n] is a weighted average of the {N + Xf + I) values of x[n\ from 
x[tt - M] through x[n + JV], with the weights given by the coefficients £> t . Systems of 
this form can be used to meet a broad array of filtering objectives, including frequency- 
selective filtering. 

One frequently used example of such a filter is a moving-average filter, where the 
output y[n] for any n — say, no— is an average of values of x[n] in the vicinity of n . The 
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Figure 3.34 Frequency response 
of the first-order recursive discrete- 
time filter of eq. {1151): (a) a = 0,6; 
(b) a = -0.6. 
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basic idea is that by averaging values Locally, rapid high-frequency components of the in- 
put will be averaged out and lower frequency variations will be retained, corresponding to 
smoothing or lowpass filtering the original sequence, A simple two-point moving-average 
filter was briefly introduced in Section 3,9 [eq. (3.138)J. An only slighdy more complex 
example is the three-point moving-average filter, which is of the form 



yM = ^<x[n - 1] + x[n] + x[n + 11), 



(3 158) 



so that each output >[n] is the average of three consecutive input values. In this case, 

*M = ^[S[fl + l] + 5f«l + S[n-I]], 

and thus, from eq. (3. 122), the corresponding frequency response is 

H{e Ju> ) = ][* j " + 1 +e '*>] = 1{1 +2cosw), (3.159) 

The magnitude of Hie* 10 ) is sketched in Figure 3.35. We observe that the filter has the 
general characteristics of a lowpass filter, although, as with the first-order recursive filter, 
it does not have a sharp transition from passband to stopband 



|Hte^)| 
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Figure 3.35 Magnitude of the fre- 
quency response of i three-point 
moving-average lowpass fitter. 



The three-point moving-average filter in eq. (3.158) ha* no parameters that can 
be changed to adjust the effective cuioff frequency. As a generalization of this moving- 
average filter, we can consider averaging over N + M + 1 neighboring points — that is, 
using a difference equation of the form 



yM- * + M-i X *fr-*i- 



(3.160) 



k--N 



The corresponding impulse response is a rectangular pulse (i.e., h[n] = l/(/V + Af + 1) 
for -N < n < Af , and h[ti\ = otherwise). The filter's frequency response is 



//(*■"") = 



1 
N + Af + 



to 



T.2. 



,-;«* 



(3.161) 



Jk--/y 
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The summation in eq. (3. 16 L> can be evaluated by perforating calculations similar to those 
in Example 3.12, yielding 



//{eO 



y^\ = 



JV + Af -f I sin(w/2) 



(3.162) 



By adjusting the size, N + M +- 1* of the averaging window we can vary the cutoff fre- 
quency. For example, the magnitude of H{e^} is shown in Figure 3. 36 for M+N+ 1 = 33 
and Af + N +1 =65, 
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Figure 3.36 Magnitude of the frequency response for the lowpass movinc/ 
average filter of eq. (3.162): (a) M = N = 16; (b) M = V = 32. 



Nonrecureive filters can also be used to perform highpass Altering operations. To 
illustrate this, again with a simple example, consider the difference equation 



y[n] = 



j([n] - x[n — 1] 



(3.163) 



For input signals that are approximately constant, the value of y[n] i& close to zero. For 
input signals that vary greatly from sample to sample, the values of y[n] can be ex- 
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peeled to have larger amplitude. Thus, the system described by eq. (3. 163) approximates 
a highpass filtering operation, attenuating slowly varying low-frequency components and 
passing rapidly varying higher frequency components with little attenuation To see this 
more precisely we need to look at the system's frequency response. In this case, h[n] = 
l{8\n] ™ 6[n - 1]}, so that direct application of eq, (3,122) yields 



H(e lbf ) = i[l - e **>] - je JafZ sin(u/2X 

it-- 



(3.164) 



In Figure 3.37 we have plotted the magnitude of H(e^), showing that this simple 
system approximates a highpass filter, albeit one with a very gradual transition from pass- 
band to slopband. By considering more general nonrecursive filters, we can achieve far 
sharper transitions in lowpass, highpass + and other frequency-selective filters. 




Figure 3.37 Frequency response of 
a simple highpass filter. 



Note thaL since the impulse response of any FIR system is of finite length (i.e., 
from eq. (3.157), h[tt] = b„ for -N == n < M and otherwise), it is always absolutely 
summable for any choices of the b„. Hence, all such filters are stable. Also, if Af > 
in eq, (3,157), the system is noncau&al t since y[n] then depends on future values of the 
input. In some applications, such as those involving the processing of previously recorded 
signals, causality is not a necessary constraint, and thus, we are free to use filters with 
N > 0. In others, such as many involving real-time processing, causality is essential, and 
in such cases we must take IV ^ 0. 



3,12 SUMMARY 



In this chapter, we have introduced and developed Fourier series representations for both 
continuous-time and discrete-time systems and have used these representations to take a 
first look at one of the very important applications of the methods of signal and system 
analysis, namely* filtering, in particular, as we discussed in Section 3,2, one of the primary 
motivations for the use of Fourier series is the fact that complex exponential signals are 
eigenfunction* of LT1 systems. We have also seen, in Sections 3.3-3.7, that any periodic 
signal of practical interest can be represented in a Fourier series — i.e., as a weighted sum 
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of harmonically related complex exponentials that share a common period with the signal 
being represented. In addition, we have seen that the Fourier series representation has a 
number of important properties which describe how different characteristics of signals arc 
reflected in their Fourier series coefficients. 

One of the most important properties of Fourier series is a direct consequence of the 
eigenfunction property of complex exponentials. SpecificalEy, if a periodic signal is ap- 
plied to an LTi system, then the output will be periodic with the same period, and each 
of the Fourier coefficients of the output is the corresponding Fourier coefficient of the 
input multiplied by a complex number whose value is a function of the frequency corre- 
sponding to that Fourier coefficient. This function of frequency is characteristic of the LTJ 
system and is referred to as the frequency response of the system. By examining the fre- 
quency response, we were leddirecdy to the idea of filtering of signals using LTI systems, 
a concept that has numerous applications, including several that we have described One 
important class of applications involves the notion of frequency-selective filtering— Le., 
the idea of using an LTI system to pass certain specified hands of frequencies and stop 
or significantly attentuate others. We introduced the concept of ideal frequency- selective 
filters and also gave several examples of frequency-selective filters described by linear 
constant-coefficient differential or difference equations. 

The purpose of this chapter has been to begin the process of developing both the 
tools of Fourier analysis and an appreciation, for the utility of these tools in applications. In 
the chapters that follow, we continue with this agenda by developing the Fourier transform 
representations for aperiodic .signals in continuous and discrete time and by taking a deeper 
look not only at filtering, but also at other important applications of Fourier metheds. 



Chapter 3 Problems 



TTie first section of problems belongs to the basic category and the answers are pro- 
vided in the back of the book. The remaining three sections contain problems bolonging 
to the basic, advanced, and extension categories, respectively, 

BASIC PROBLEMS WITH ANSWERS 

3.1. A continuous-time periodic signal x(t) is real valued and has a fundamental period 
T = 8. The nonzerc Fourier series coefficients for jc(t ) are 



flj = (j-[ = 1, a$ = a*_2 = 4/ 



Express x(0 in the form 



x(r) = ^>^ A k cos(tUjtf + ^^ 



t -ii 



3.2, A discrete-time periodic signal x[n) is real valued and has a fundamental period 
If — 5. The nonzero Fourier series coefficients for x[n\ are 



tfo =* 1-^2 = o% = 



_ -j-rrft 



,a A = a \ - 2*'*'-\ 
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Express x[ n | in the form 

33. For the continuous-time periodic signal 

jf(i) = 2 + co&{-^rl + 4&iii{-^A 

determine the fundamental frequency ojq and the Fourier series coefficients a* such 
thai 



r<r) = ^T *** ;i 






3.4- Use the Fourier series analysis equation (3,39) to calculate the coefficients a k for 
the continuous-time periodic signal 



I L5 t :S / 

[-1.5, 1 =si 



*)=!-?. :-;:j 



with fundamental frequency <oq = tt. 

3.5- Let x\{t) be a continuous- time periodic signal with fundamental frequency W| and 
Fourier coefficients at Given that 

*2<o = *iti -n + X}(t- 1), 

how is the fundamental frequency tuj of ^(r) related to id|?AUo, find a relationship 
between the Fourier series coefficients bj, of X2O) and the coefficients a^ . You may 
use the properties listed in Table 3. 1 . 

3,6* Consider three continuous-time periodic signals whose Fourier series represema- 
tions are as follows: 



1UU /i\k 



100 



^(0 = 21 cos<Jt7rW i ^ / h 

Jt --IU0 

* --ion \ z / 



Jt- -100 

Use Fourier series properties to help answer the following questions: 

(a) Which of the three signals is^are real valued? 

(b) Which of the three signals is/are even? 

3,7. Suppese the periodic signal x(t) has fundamental period T and Fourier coefficients 
n^ In a varietv of situations, it is easier to calculate the Fourier series coefficients 
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bi for g{t) = dx(t)Jdt, as opposed to calculating ay directly. Given that 

•2T 

x(t)dT = 2, 



find an expression for at in terms of by and T. Yon may use any of the properties 
listed in Table 3.1 to help find the expression. 

3,S« Suppose we are given the following information about a signal xtt}: 

1. x(t) is real and odd. 

2. x(t) is periodic with period 1=2 and has Fourier coefficients a^ 

3. a k - Ofor|*j > l r 

Specify two different signals that satisfy these conditions. 
3.9. Use the analysis equation (3.95) to evaluate the numerical values of one period of 
the Fourier series coefficients of the periodic signal 

x[n\ = ^ {4S[n - 4m\ + B8[n ~ 1 - *m\l 

3.10. Let x[n\ be a teal and odd periodic signal with period N =* 7 and Fourier coefficients 
ay. Given that 

determine the values of ao, tf-i> Q-?.-, and a_^ 

3.11. Suppose we are given the following information about a signal x[n]: 

1. x[n] is a real and even signal, 

2. x[n] has period JV = 10 and Fourier coefficients a*. 

3. a n = 5. 

n = 

Show that r[nl = A cas(Bn 4- C) T and specify numerical values for the constants A, 
S, and C 

3.12. Each of the two sequences jc| [n] and x 2 [n] has a period # = 4, and the correspond- 
ing Fourier series coefficients are specified as 

x\\ti\ *■ — * a h x 2 [n] « — * b k . 

where 

°o = #3 * ^^i - ^^2 — 1 and /ty = b\ = hi = bj -*= L 

Using the multiplication property in table 3,1 , determine the Fourier series coeffi- 
cients o for the signal g[n] = £|[A]jc2fn]. 



Chap. 3 Problems 



253 



3.13* Consider a continuous-time LTI system whose frequency response is 

sin(4oi) 



htfU-'^dt = 



If the input to this system is a periodic signal 



to 



^ t < 4 
4 < r <8 



with period T = 8, determine the corresponding system output y(t), 
3.14, When the impulse train 

x [rt] = ^T S[n - 4t] 

is the input to a particular LTI system with frequency response N(e JU ), the output 
of the system is found to be 



y[n] = cos 



(517 jt\ 



Determine the values of H{e* kvri ) f or k = t 1, 2, and 3. 
3 AS* Consider a continuous-time ideal lowpass filter S whose frequency response is 

1, |u| == 100 



fff» = 



o P M > ioo " 



When the input to this filter is a signal x(t) with fundamental period T = tt/6 and 
Fourier series coefficients a& t it is found that 

For what values of k is it guaranteed that a k = 0? 

3.16* Determine the output of the filter shown in Figure P3.16 for the following periodic 
inputs: 

(a) *itw] -{-D" 

(b) x 2 [n\ = l + ain|^n + f) 



Hte^} 



1 

2n _^s _t& 



-ft -i 



f ft 



Igf &f 



2n "* 



Figure P3. 16 
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3.17, Consider three continuous-time systems Si * Si* and 5 3 whose responses to a complex 
exponential input e jf " are specified as 



iSi 



5 2 : t& 
5, : e & 



te 



J* 



cos<5r). 



For each system, determine whether the given information is sufficient to conclude 
that the system is definitely not LT1. 

3.18* Consider three discrete -time systems S\ , Sj t and S 3 whose respective responses to 
a complex exponential input fj* 12 " are specified as 



S\ 


e j* nt2 ► e-' 7m/2 w[y 


Si 


^J*H/2 ^ e J^tnf2 


Si 


pJ^H/2 ^ 2 e f ivnn ^ 



For each system, determine whether the given information is sufficient to conclude 
that the system is definitely not LTI. 

3.10. Consider a causal LTI system implemented as the RL circuit shown in Figure P3.19. 
A current source produces an input current .x(f), and the system output is considered 
to be the current >(/) flowing through the inductor. 




y(t) 



1 H 



in 



Figure P3. 19 



(a) Find the differential equation relating t(j) and y\t), 

(b) Determine the frequency response of this system by considering the output of 
the system to inputs of the form jt(f) = e** 1 . 

<c) Determine the output y{t) if x(t) = oos(r). 

3.20. Consider a causal LTI system implemented as the RLC circuit shown in Figure 
P3.20. In this circuit, x{t) is the input voltage. The voltage y(i) across the capac- 
itor is considered tha system output 







+ 



C=1F 



m 



- Figure P3.20 
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(a) Fjnd the differential equation relating *(r) and yii). 

(b) Determine the frequency response of this system by considering the output of 
the system to inputs of the form x(t) = t* ar . 

(c) Determine the output y{f) if je(t) — sin(f)> 

BASIC PROBLEMS 



3.21' A continuous-time periodic signal x{t) is real valued and has a fundamental period 
T = 8. The noiraro Fourier series coefficients for jc(r) are specified as 



Express x(t) in the form 



d! = a*! = j t a$ - a^ = Z 



k=0 



3,22. Determine the Fourier series representations for the following signals: 
(a) Each *(r) illustrated in Figure P3.22(aHO- 
(h) x(t) periodic with period 2 and 



x(t) - e ' for - 1 < f < 1 




/\S\/ \/\/\/\s 



-7 -6 -5 -4 -3 -2 -1 1 2 3 4 5 6 7 8 9 10 t 



Figure F3.22 
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t -3 4 -, i 


J 4 3 | 5 | 


11 


L" I'l" 



n 



-7 -S 



Q 



1 - 



i |J-i-=-i \J 



n 



_IL 



3 4 5 6 



tr 






"hrs'r^rhrL 



-5 -4 -3 -S -1 



1 2 3 4 5 S 7 



w 



Figure P3.22 Continued 



(c) jc(rj periodic with period 4 and 

[} [0, 2 < r 



== * =s 2 
^ 4 



3.23* In each of the following, we specify the Fourier series coefficients of a continuous- 
time signal that is periodic with period 4, Determine the signal x{t)m. each case. 

(a) a k -[ U) *MM* f otherwise 
(h)a t = (-i)*^f^ 

w^ = fA i*L <3 

I Q, otherwise 



(d) a, = 



■[J 



fceven 
Z *odd 



3.24. Let 



*<*) 



f f , ^ t 7Z 1 

[2-t, I s r ^ 2 



be a periodic signal with fundamental period T = 2 and Fourier coefficients a k . 

(a) Determine the value of oq. 

(b) Determine the Fourier series representation of dx{t)idt. 

(c) Use the result of part (b) and the differentiation property of the continuous-time 
Fourier series to help determine (he Fourier series coefficients of x{r)* 
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3-15, Consider the following three continuous-time signals with a fundamental period of 
T = L/2; 

t(f) = cos(4irl), 
y(0 = sint+Tf), 
Z{t) = x(t)y{ty 

(a) Determine the Fourier series coefficients of x(t). 

(b) Determine the Fourier series coefficients of y{r). 

(c) Use the results of parts (a) and (b)> along with the multiplication property of the 
continuous-time Fourier series, to determine the Fourier series coefficients of 
z{t) = x{t)y(i). 

(d) Determine the Fourier series coefficients of z(t) through direct expansion of z(t) 
in trigonometric form, and compare your result with that of part <c). 

3.2& Let x(t) be a periodic signal whose Fourier series coefficients are 



Imp* 



k - 



Use Fourier series properties to answer the following questions: 

(a) Is x{i) real? 

(b) Is xlt) even? 

(c) Is d x{t)fdt even? 

3,27. A discrete-time periodic signal x[n] \a real valued and has a fundamental period 
N = 5. The nonzero Fourier series coefficients for jc[rt] are 

a(i = 2, a 2 = <?. 2 = 2e i,riS , <n, = d- A = e J * 

Express x[n] in the form 

GO 

* = i 

3*28* Determine the Fourier series coefficients for each of the following discrete-time 
periodic signals, PloLthe magnitude and phase of each set of coefficients a k . 

(a) Each x[n] depicted in Figure P3.28(aMc> 

(b) x[tt] = sin^-n-Aft) cos(irrt/2> 

(c) .*[«] periodic with period 4 and 

jfn] - 1 - sin ^ for ^ n ^ 3 

4 

(d) *[n] periodic with period 12 and 



TTH 

jiln] = I — sin — 7- for O ^ n ^ 11 
4 
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x[nl 



-in inn nni ;iiiu ,, inii , 11111 , 11 

-14 -7 7 ^A 21 n 



(a) 



x(n| 



11U„1H1, mi :mi mi mi mi 



te -12 



-6 



n 



IB n 



(b) 











■In| 








1 


1 . 1 


1 . 1 


1 . 1 


1 . 1 


1 . 1 


1 . 1 


1 . 



5 TFTT r rpJ 1-1 1-1 1-11" 



(C) 

Fjgure P3.28 

3.29. In each of the following, we specify the Fourier series coefficient:* of a signal that 
is. periodic with period 8 Determine the signal x[n\ in each case. 

^ i ^ 6 
- 7 
(<:) €tk as in Figure P3.29(a) <<J) a* as in Figure P3. 29(b) 



to c* -«*($}+ *>'!£) C) fll = {j ( T>' ^ 



^ 



in m nrin 



-e 



is k 



(a] 



a k 



1^jJ_ 



ll h ...il ll ii. l i l lli,,,iJ 

-8 ft 



16 k 



(b) 



figure P3.29 
3J0* Consider the following three discrete-time signals with a fundamental period of 6: 

x\n] = I - cosj-%), y[n] = sinf-^rt + ^ i z[/i] = r[/i]y[flj. 



Chap. 3 Problems 



259 



(a) Determine the Fourier series coefficients of jr[n], 
(h) Determine the Fourier series coefflc ients of y[n). 

(c) Use the results of parts (a) and (b} 1 along with the multiplication property of 
the discrete- time Fourier series, to determine the Fourier series coefficients of 
;[fij - x[n]y[n\. 

(d) Determine the Fourier series coefficients of z[n] through direct evaluation, and 
compare your result with that of pan (c). 

3.31, Let 



x[n] = 



J, 
0, 



^ n == 7 
8 =s rt ^ 9 



be a periodic signal with fundamental period V — 10 and Fourier series coefficients 

Qj,. Also, Jet 

.Vfrtl =- x[n] -x[n- 1 ] T 

fa) Sbov/ that #[«] has a fundamental period of 10. 
(b) Determine rhe Fourier series coefficients of girt], 

<c) Using the Fourier series coefficients of s|n] and the First- Difference property 
in Table 3.2, determined* for k ?* 0. 

3.32> Consider the signal x[ri\ depicted in Figure P3.32 This signal is periodic with period 
N = 4, The signal can be expressed in terms of a diserete-iime Fourier series as- 



Jffrtj 



3_ 

— ? dfiL' 



> it,f2itliUr 



CP3.32-1) 



u .i.l.i.i.' i . l .i. 



2f 



r 1-' I- 4 .4° 1 



JjJUJ 



16 ri 



Figure F3-3Z 

As mentioned in the te*t, one way to determine the Fourier series coefficients is 

to treat eq. (P3.32-1) as a set of four linear equations (for n = 0> 1. 2,3) in four 

unknowns (do, #l, #:< anda-0- 

(a) Write out these four equations explicitly, and solve them directly using any stan- 
dard technique for solving four equations m four unknowns. (Be sure first lu 
reduce the foregoing complex exponentials to the simplest form ) 

<b) Check your answer by calculating the t* t directly, using the discrete -time 
Fourier series analysis equation 



&k 



«=0 



-jfi{2-jr!4in 
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333. Consider a causal continuous-lime LTT system whose input x(t) and output yit) are 
related by the following differential equation: 

^><0 + 4y(0 - x<f) 

Find the Fourier series representation of the output y(t) for each of the following 
inputs 

(a) x(t) = C0s2lTf 

(b) x(t) — sin4n7 +■ cos(67rr 4 iriA) 

3l34. Consider a continuous-time LTI system with impulse response 

Find the Fourier series representation of the output y(t) far each of the following 

inputs: 

(a) x(t) - V;-__ w S( f -«) 

(c) jt<f) is the periodic wave depicted in Figure P3.34. 



aft 



^ 



"i n JiJajiLin_cL-D_Q 



-3-2-1 1 2 3 4 t Figure P3.14 

3 J5. Consider a continuous-time LTI system 5 whose frequency response is 



*</»> = {i H " 25t) 



otherwise 



When the input to this system is a signal a(0 with fundamental period T = irfl and 
Fourier series coefficients a*, it is found that the output yit) is identical tcj x(t). 
For what values of k is il guaranteed that at = D? 

3.36. Consider a causa] discrete-time LTI system whose input x[ti\ and output y[n] are 
related by the following difference equation: 

M«l ~ 4^- U = *[*! 

Find the Fourier series representation of the output y[ri] for each of the following 

inputs; 

(a) x[n] = sin(^) 

<b> x[n] = cos(fn) + 2cos(§/0 

3J7. Consider a discrete- time LTI system with impulse response 

A[nl = [^ 
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Find the Fourier series representation of the output y[n] for each of the following 

inputs: 

<a) *[*] = 2t-_ w 5[rt-4*] 

(b) x[n] is periodic with period 6 and 

rfitl - I l ' « ^O^l 
^'"la n-±Z±3 

338. Consider a discrete-time LIT system with impulse response 

f 1, ^ n ^ 2 

A[«l = S "J- -2 £ « =£ -1. 
[ ± otherwise 

Given that the input to this system is 

+ ■35 

fc=-ac 

determine the Fourier series coefficients of the output y[n\. 

3.39. Consider a discrete-time LTT system S whose frequency response is 

Show that if the input x[ri\ to this system has a period N - 3, the outpm y[n] has 
only one nonzero Fourier series coefficient per period. 

ADVANCED PROBLEMS 

3.40. Let x{t) be a periodic signal with fundamental period T and Fourier series coeffi- 
cients d ft . Derive the Fourier series coefficients of each of the following signals in 
terms of at; 

(a) jf(r - Uy) + x(t + r > 

(b) fi»Wf)} 

(c) ®*{x(i>} 

(e) x(3t - 1) [for this part, first determine the period of Jt(3f - J )] 

3.41. Suppose we are given the following information about a continuous-time periodic 
signal with period 3 and Fourier coefficients a k : 

1. a k = a t ± 2 - 
2* a k = a- k . 

3 i** 5 *{r)dt = 1. 
4. tisXitW = Z 

Determine x(t). 
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3*42» Let x{t} be a real-valued signal with fundamental period T and Fourier series coef- 
ficients a*. 

(a) Show that a* = a\ k and oo must be real. 

(b) Show that if x{t) is even, then its Fourier series coefficients must be teal and 
even. 

(c) Show that if x(t) is odd, then its Fourier series coefficients are imaginary and 
odd and oq — Q. 

(d) Show that the Fourier coefficients of the even part of x{t) are equal to ftMa*}. 

(e) Show that the Fourier coefficients of the odd part of x{t) are equal to j^midk)- 

3.43. (a) A continuous-time periodic signal x{t) with period T is said to be odd harmonic 
if t in its Fourier series representation 

je<*> = ^T a^ 2 ™ 1 *, CP3.43-1) 

a k = for every non-aero even integer ft, 
(i) Show that if x\t) is odd harmonic, then 

x{t) - -jclt+ M. (P3,43^2) 



-H> 



(ii) Show that if Mi) satisfies eq. (P3,43-2)> then it is odd harmonic. 

(b) Suppose that x{t) is an odd-harmonic periodic signal with period 2 such that 

-r(0 - ; for < t < 1, 

Sketch x(t) and find its Fourier series coefficients. 

(c) Analogously, to an odd-harmonic signal, we could define an even-harmonic 
signal as- a signal for which a* = for k odd in the representation in eq. (P3.43- 
1). Could T be the fundamental period for such a signal? Explain your answer 

(d) More generally, show thai T is the fundamental period of x(i} m eq. (P3.43-1) 
if one of two things happens: 

(1) Either a [ ora_ ( is nonzero; 
or 

(2) There are two integers k and I that have no common factors and are such 
that both a* and aj are nonzero. 

3.44. Suppose we are given the following information about a signal x{t)> 

1. jc(0 JS a real signaL 

2. x(t) is periodic with period T = 6 and has Fourier coefficients ay. 

3. a k = Ofor Jt = 0andJt>2. 

4. xij) = -x(f- 3), 

6. ai is a positive real numbor. 

Show that x{t) = A cos(Bf + C), and determine the values of the constants A, B, 
andC 
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3.45. Let j(r) be a real periodic signal with Fourier series representation given in the 
sine-cosine fomi of eq, (3,32); i>e, T 

*(0 = thy + 2^[B k co$fatf Q f - C k sin kagtl {P3.45-1) 

t = i 

(a) find the exponential Fourier series representation of the even and odd parts of 
x{r); that is, find the coefficients a k and £* in terms of the coefficients in eq. 
(P3.45-1) so that 



&{;t{f)} = 2] ff S e Jfawnr , 



*=-* 



Gd{*(r)} = ^ /V yW 



* = -so 



(b) What is the relationship between a t and**-* inpart(a)? What is the relationship 
between fa and 0_*7 

(c) Suppose that the signals x<f) and z(/) shown inFigure P3.45 have the sine-cosine 
series representations 



x{t) = an + 2^T 



t=i 






fit cos I — — \- C k sin/ — - 

„ m /2irAr\ . /2tt*A' 

E* cos ( — — I - Ft sin I -j- 



-5 -3 -2 



a» 



\ K K K K h 



1 



3 4 



fl 7 



9 t 



2 



-6 



-3 



-1 



3 4 



6 7 



9 t 



-2" 



Figure P3.45 



264 



Fourier Series Representation of Periodic Signals Chap, 3 



Sketch the signal 



*=i L 



j2irkt\ 



B k -+ -£i cosf— -— + Fjsin 






3" 



flTTkt 






3*46 In this problem, we derive two important properties of the continuous- time Fourier 
series: the multiplication property and ParsevaTs relation. Let jt(i) and y(J) both be 
continuous-time periodic signals ha\ing period To and with Fourier series represen- 
tations given by 



+■*■ 



jt(0 = X d *^ W > y(*} = X *** yW - (P3.46-1) 



t=-« 



* = -« 




^) 



*^) 2ft) cos 20irt, 

^/ wfiera z[t} ts as in Figure P3_22(ff 





-3 



*aft) 




Figure P3.46 
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(a) Show that the Fourier series coefficients of the signal 

are given by the discrete convolution 



£* 



= ^ a*£*-„- 



(b) Use the result of part (a) to compute the Fourier series coefficients of the signals 
jci (/>, xi(.t\ and #3(1) depicted in Figure P3,46. 

(c) Suppose that y(t) in eq. (P3.46-1 ) equals x*(t). Express the b k in the equation in 
terms of a k , and use the result of part (a) to prove Parse vais relation for periodic 
signals — that is 3 



T, 



1 \ T °\x(t)\ 2 dt= X kp. 



J 



3,47 Consider the signal 



x(t) — cos27rr. 



Since x(t ) is periodic with a fundamental period of 1 , it is also periodic with a period 
of N t where N is any positive integer. What are the Fourier series coecficients of x{t) 
if we regard it as a periodic signal with period 3? 

3.4& Let x[n] be a periodic sequence with period N and Fourier series representation 

*[n] - 2 fl ^ J ^- (P3.48^1) 

* = </*■> 

The Fourier series coefficients for each of the following signals can be expressed in 
terras of a k in eq. (P3.4&-H. Derive the expressions. 

(a) x[n - no] 

(b) x[n\ - x[n - lj 

(c) x[n] - x\n - yj (assume that W is even) 

(d) *[n] + x[n + ^] (assvime thai N is even; note that this signal is periodic with 
period N/2) 

<*> A"»l 

(f> ( - 1 ) n x[n] (assume that .V is even) 

fe) {- 1 )"*[*} (testtnie that N is odd; noie that this signal is periodic with period 

O^M-I? 1 JET 
3.49, Let jr[rc] be a periodic sequence with periods and Fourier series representation 

*M = X fl**^ 21 ^. (P3.49-1) 
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(a) Suppose that N is even and that x[n] in eq. (P3A9-1) satisfies 

for all n. 



x\n\ = -x 



AT 

* + 2 



Show that a/t = for all even integer? k. 
(b) Suppose that A r is divisible by 4. Show that if 



x[fi] = —x 






for ail n. 



then a t = for every value of £ that is a multiple of 4. 
(c) More generally, suppose that N is divisible by an integer M. Show that if 



r = 






= for all n. 



then a* = for every value of k that is a multiple of M. 

3.50, Suppose we are given the following information about a periodic signal x[n] with 
period 8 and Fourier coefficients a k : 

L £1)1 = ' - fl^_4. 

2, *12«+ 1} = (-1)", 

Sketch one period of x [n], 

3.51. Let .t[h] be a periodic signal with period N - 8 and Fourier series coefficients 
ay = —ut-4' A signal 



with period A r = 8 is generated. Denoting the Fourier series coefficients of y[n] by 
&jt T find a function f[k] such that 

&* = /[*]«*- 

3,52. jc[n] is a real periodic signal with period N and complex Fourier series coefficients 
a*. Let the Cartesian form for a k be denoted by 

"k = b k + jo*, 

where *jt and t* are both real. 

(a) Show that a- k = aj. What is the relation between b k and &.. ft ? What is the 

relation between c& and c_ t ? 
(h) Suppose that N is even. Show that a^n is real. 
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(c) Show that x[n] can also be expressed as a trigonometric Fourier series of the 
form 



(N-lli/2 



if N is odd or as 



cos 



k= I 



{ 2irkn 



Qsm 



2?r£n 



j;|/ij = (ff 4- atyfii— I ) j 4- 2 ^^ &jt cos | — rr - ] — (\ sin 

t- i 



N 



N 



if N is even, 
(d) Show that if the polar form of & k is j4 t f'**, then the Fourier series representation 
for *Ih] can also be written as 



JV 



if N is odd ot as 



x[n\ = ay + 2 2_ At cos [ — tt~ + v* 
k = \ 



ry/2>- l 



l,VjV '~ L /^ Jr 



4-1 



if N is even, 
(e) Suppose that x[n] and z[iJt as depicted in Figure P3.52, have the sine-cosine 
series representations 



x[n} 



i, l i ii , i m , l i ii 



* t 



14 



*[n] 



TT 



-7 



JT 



II 



3 
*2 



II 



11 u «u 



Figure P3>5Z 
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3 



k = 

Sketch the signal 

i 
y[n] - a G - d + 2^ 

t = i 



( 



lirkrt 



bk cos i — = — t — ct sin 



■m 



\ 7 

j2irkn\ ^ . /27rtn\l 
fljtcos I —^— I- ft sui I — ^— )| ■ 



d k cost-^—j+(f k -c k )sm 



333. Let j[«] be a real periodic signal with period N and Fourier coefficients a t . 

(a) Show that if N is even, at least two of the Fourier coefficients within one period 
of a k are real, 

(b) Show that if N is odd, at least one of the Fourier coefficients within one period 
of a t is real. 

354. Consider the function 

FT=0 

(a) Show [hat a[k] = N for * = 0, ±A r , ±2JV. ±3JV. . . „ 

(b) Show that a[k\ - whenever k is not an integer multiple of N. [Hint: Use the 
finite sum formula) 

(c) Repeat parts (a) and (b) if 



a[k] = ]T e' } 



j(lviN)kn 



n~<&> 



3*55. Let Jt[n] be a periodic signal with fundamental period N and Fourier series coeffi- 
cients a k . In this problem, we derive the time-scaling property 

= h ±m r ±2m,- - 



(w>l J I 0. elsewhere 



listed in Table 3.2. 

(a) Show that v Cmt [rt] has period of mS r 
<b> Show that if 



x[n] = v[q) + wfrt], 



then 



*(m)M = v (jB> lnJ + H- (JH) £n]. 
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(c) Assuming that x[n] = ^ ?Tr ^ w for some integer Jt n , verify that 



That is T one complex exponential in x[n] becomes a linear combination of m 
complex exponentials in *( m )[rc], 
<d> Using the results of parts (a) h (b) t and (c) p show that if x[n\ has the Fourier 
coefficients a k , then x {mf [n\ must have the Fourier coefficients ±a k > 

3.56. Let jc[n] be a periodic signal with period N and Fourier coefficient* a k 

(a) Express the Fourier coefficients b k of |jr[n]P in terms of a k . 

(b) If the coefficients a k are real, is it guaranteed that the coefficients b k are also 
real? 

3.57. (a) Lfit 

jV I 

*[«] = ^atf> ka * mn <P3,57-1) 

and 

t = 

be periodic signals. Show that 

x\n\y[n\ - S c *' /W *'^ 

* = 

where 

A3 tf-L 

(b) Generalize the result of part (a) by showing that 

(c) Use the resuk of part (b) to find the Fourier series representation of the following 
signals, where x[n] is given by eq. (P3.57^1). 



a») ^h]fe;r-^ 






(assume that N is divisible by 3) 



(d) Find the Fourier series representation for ihe signal *[n]>[fl]> where 
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and 

r T ft, \n\ ^ 3 

is periodic with period 12. 
(c) Use the result of part (bi to show that 

and from this expression, derive Parse vaTs relation for discrete-time periodic 
signals. 

3*58* Let %[n] and y[/i] be periodic signals with common period N, and let 

be their periodic convolution. 

(a) Show (hat z[n] is also periodic with period jV, 

(b) Verify that if a^ £*> and ct are the Fourier coefficients of jc[«] t y[fl], and z[n] > 
respectively, then 

Ci = Na k b k . 

(c) Let 

r . . /3irn' 
Jt[rt] = sin 

and 



nfiit _ f 1. =£ n < 3 



be two signals that are periodic with period 8. Find the Fourier series represen- 
tation for the periodic convolution of these signals. 
(d) Repeat part <c) for the following two periodic signals that also have period 8: 



[a 4 =£ n ^ 1 



r* 



1*59* (a) Suppose *[/.] is a periodic signal with period N, Show that the Fourier senes 
coefficients of the periodic signal 

to 

g(t)= ^ x[k]S(t-kT) 

* = -« 

are periodic with period N. 
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(b) Suppose ihat x{t) is a periodic signal with period 7 and Fourier series coeffi- 
cients a k with period N. Show that there must exist a periodic sequence g[ri\ 
such that 

*= * 

(c) Can a continuous periodic signal have periodic Fourier coefficients'? 

3.60* Consider the following pairs of signals x[n] and y[rt\. For each pair, determine 
whether there is a discrete-time LTI system for which y[n] is the output when the 
corresponding x[n] is the input. If such a system exists, determine whether the sys- 
tem i& unique (i.e., whether there is more than one LTI system with the given input- 
output pair). AJso, determine the frequency response of an LTI system with the 
desired behavior. If no such LTI system exists for a given jc[n] t yM pair- explain 
why. 

(a) x[n] = (±\y[n] = (f) 

(b) x[n] = <f )«E«KM«J = <i)"«[fl] 

(c) x[n] = (f)u[niy[n\ = 4"u[-n] 

(d) x[n] = e* ni *,y[ri\ = 2ei n/ * 

(e) x[n] = e JrM u[n]. y[n) = 2e t,M u[n] 

(f) x[n] = j\y[n] = 2;"(l - /> 

(g) -*[nl = cos{tt nf3)+y[n] = cos<7rn/3) + /3 sin(7Trt/3) 
(h) jc[n] and v 3 [n] as in Figure P3 60 

(i) x[ti] and y2[ n ] as in Figure P3.60 



~JI1 



xn 



1 m ttt rn 



-12 12 2A n 

-m„.Tn...iiT... m ...Tii...m...m..,- 

-15 -9 -3 3 9 15 £1 n 

Ysll 

»*«»♦+ I I !»»+**♦ l - t -I »n»n l I I nn iil Hnnn 
-9 9 Ifi n 

Figure P3>60 

3.61. As we have seen* the techniques of Fourier analysis are of value in examining 
continuous-time LTI systems because periodic complex exponentials are eigenfunc- 
tions for LTI systems. In this problem, we wish to substantiate the following state- 
ment: Although some LTI systems may have additional eigenfuncrions, the complex 
exponentials are the only signals that are eigenfunctions of every LTI system. 
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(a) What are the eigenfuncticros of the LTI system with unit impulse response 
h{f) — 5(f)? What are? the associated eigenvalues? 

(b) Consider the LTI system with unit impulse response h(t) - 5<i - T) Find a 
signal Chat is not of the form t^, but that is an eigenfu[*ctiou of the system with 
eigenvalue 1 ■ Similarly, find the eigenfunctions with eigenvalues 1/2 and 2 that 
aie not complex exponentials. {Mint: Vou can find impulse trains that meet these 
requirements) 

(c) Consider a stable LTI system with impulse response h{t) that is real and even. 
Show that cos cur and sin wf are eigenfunctions of this system, 

(d) Consider the LTI system with impulse response k(t) - «(/), Suppose that <£(0 is 
ait eigcafunction of this system with eigenvalue A. Find the differential equation 
that ip{t) must satisfy, and solve the equation. This result, together with those 
of parts (a) through (c), should prove the validity of the statement made at the 
beginning of the problem. 

3.62- One technique for building a dc power supply is to take an ac signal and full-wave 
rectify it. That is, we put the ac signal x(i) through a system that produces y(0 = 
\x(t)\ as its output. 

Jfl) Sketch the input and output waveforms if x(t) = cos t What are the fimdamen - 
tal periods of the input and output? 

(b) If x(t) = cosr, determine the coefficients of the Fourier series for the output 

y{r). 

(c) What is the amplitude of the dc component of the input signal? What is the 
amplitude of the dc component of the output signal? 

3.63. Suppose that a continuous-time periodic signal is the input to an LTI system. The 
signal has a Fourier series representation 

* = -* 

whereof isareal number between and 1, and the frequency response of the system 
is 

How targe must W be in order for the output of the system to have at least 90% of 
the average energy per period of x(i)? 

3.64. As we have seen in this chapter, the concept of an eigenfunctioo is an extremely 
important tool in the study of LTT systems. The same can be said for linear- but time- 
varying, systems. Specifically, consider $uch a system with input x(t) and output 
>(f ). We say that a signal 4p{t) is an eigenjunction of the system if 

$it) — > Aiftl). 

That is, if x{i) = <f>(t), then yO) = A*£0). where the complex constant A is called 
the eigenvalue associated with cK'V 
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(a) Suppose that we can represent the input x[t) to our system as a linear combina- 
tion of eigenf unctions <£>(/), each of which has a corresponding eigenvalue A t ; 
that is, 

it 

Express the output y(i) of the system in terms of {ck}. \<t>k(t)} t and ^A*} 

(b) Consider the system characterized by (he differential equation 

M-fi-jT + t— 

Is this system linear? Is it time invariant? 

(c) Show that the functions 

<MO = '* 

are eigenfunctions of the system in part <b). For each $t{i\ determine the cor- 
responding eigenvalue A*. 

(d) Determine the output of the system if 

x{t) = lOf 10 f 3r + h 4 + tt- 
EXTENSfON PROBLEMS 

3.65, Two functions uU) and vit) are said to be orthogonal over the interval (a.b} if 

b 



| u{tV 



iftdt = a (P3.65-1) 



If, in addition. 



\uit)\-dt - 1 = \u(t)\ 2 dt, 

the functions are said to be normalized and hence are called orthonormal. A set of 
functions {<£,t(r}} i* called an orthogonal (orthanormal) set if each pair of functions 
in the set is orthogonal (orthonormal). 

(a) Consider the pairs of signals u(t) and v(t) depicted in Figure P3.65. Determine 
whether each pair is orthogonal over the interval (0. A\ 

(b) Are the functions sinm^of and sinner orthogonal over the interval (0, T\ 
where T - liritti^l Are they also orthonormal? 

(c) Repeat part (b) for the functions ^(r) and tf*„(r). where 

tf>i{t) = — =[cosfat>o' + sin/uuur]. 



2*4 
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uW 



-1 



2 a 



4 t 



ufl) 



-3 r 



Exponential* witti 
time constant = 1 



2 3 4 t 



la) 



fl» 



vft) 



-1 



1 3 



3 4 



Exponential svitti 
time constant = i 




sin(Trt/2J 




"ft 



1 2 



4 t 



(cj 



v(t) 



^"(f + f) 




1 a 



4 t 



Figure P3.65 

(d) Show ihat the functions <fo(f) ^ f J fcw o» are orthogonal over any interval of 

length T - 2ir/o>o. Are they orthonormal? 
<e> Let x{t) be an arbitrary signal, and let jt d (i) and J f CO be, respectively, the odd 

and even parts of *(?). Show thar*„{f> and *«.(r) are orthogonal over the interval 

(-7\ T) for any T. 
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(f) Show that if {<MO} is a set of orthogonal signals over the interval (a, b), then 
the set{(l/yA t )<fo(OK where 

A, - f \fa{tfdt t 



is orthonarmaL 
{g) Let {&(?)} be a set of orthonormal signals orr the interval (a> h) t and consrder a 
signal of the fomi 

where the a d are complex constants. Show that 

\x(t)\ 2 dt = XW 2 - 



i 



(h) Suppose that ^|(r) Thr r| ^(i) are nonzero only in the time interval s t 
■* T and that ihey are orthonormal over this time interval. Let L t denote the 
LT1 system with impulse response 

AilO * <fc(T - r), (P3.65^2) 

Show that if 4>;U) is applied to this system, then the output at time T is 1 if 
i = j and if i ¥= }. The system with impulse response given by eq. {P3.65-2) 
was referred to in Problems 2,66 and 2.67 as the matched filter for the signal 
4hit). 

3.66. Hie purpose of this problem is to show that the representation of an arbitrary pe- 
riodic signal by a Fourier series or, more generally, as a linear combination of any 
set of orthogonal functions is computationally efficient and in fact very useful for 
obtaining good approximations of signals. 12 

Specifically, let {<fr(i)}, i = 0, ± 1, ±2 be a set of orthonormal functions 

on the interval a s ; < £„ and let x(t) be a given signal. Consider the follow- 
ing approximation of x(t) over the interval a ^ t ^ b\ 

*M = X "#). (P3.66^1) 

J- -A/ 

Here, the a f aire <in general, complex) constants. To measure the deviation between 
xit) and the series approximation x^(t), we consider the error f/flt) defined as 

e/v(r) = jt(I) - Jr*(f). (P3.66-2) 

A reasonable and widely used criterion for measuring the quality of the approxima- 
tion is the energy in the error signal over the interval of interest — that is T the integral 



Sec Problem 3 &5 for (he dcfirtitiuna of orthogonal and Hjitlnjiiurma! functions 
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of the square of the magnitude of the error over the interval a ^ t s b. 

E - \e N {i)\ z dL (P3,66-3) 

la 

(a) Show thai £ is minimized by choosing 

h 






x(i)4>:(t)dt. (P3.6^4) 



{Hint: U$t eqs. (P3.66-1 HP3,66-3) to eitpFess Em terms of c; h <fr r {t)+ and jc<0- 
Then express a, in rectangular coordinates as a t = b, + jc,-, and show that the 
equations 

^0 and — - - ; i - 0, ±1, ±2,,..,* 
db, dc t 

are satisfied by the a { as grven by eq T (P3.66-4)] 
(b) How does the result of part (a) change if 

A, = ( {faitWdt 



l t = [ |<fc(')F 



and the {&{0} are orthogonal trot not otthonormal? 

(c) Let <& n (f) = e / ™ , »', and choose any interval of length T = 2ir>w - Show that 
the tf, that minimize £ are as given in eq. (3.50). 

(d) The set of Walsh functions is an often -used set of orthonorrnal functions. (See 
Problem 2 66 + > The set of five Walsh functions, *Pq{i), <MO, ■ ■ <, ^(0* is illus- 
trated in Figure P3.6G* where we have scaled time so that the fait) are nonzero 
and orthonormal over the interval ^ t ^ 1. Let x(t) — sin trt. Find the ap- 
proximation of x{i) of the form 

(=0 

such that 



i 



Uo-mpdt 



is minimized, 
(e) Show that x N (t) in eq. (P3.66-1) and e w {t) in eq. (P3.66-2) are orthogonal if 
the a, are chosen as in eq. (P3.66-4). 

The results of parts (a) and (b) are extremely important in that they show 
that each coefficient a, is independent of all the other a/%* i ^ j Thus, if 
we add more terms to the approximation [e.g. T if we compute the approxi- 1 
matron Jfv > i (01, the coefficients of $ t {t\ i - ],.,,, A^, that were previously 
determined will not change. In contrast to this, consider another type of se- 
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Figure P3.6& 



lies expansion the polynomial Taylor series. The infinite Taylor series for e' 
is e 1 = ] + t + f 2 /2! + . .., but as w& shall show, when we consider a finite 
polynomial series and the error criterion of eq, (P3 .66—3), we get a very different 
result- 
Specifically, let tfa(t) as l,<^|(f) = f, 4>z(0 = * 2 , and so on. 
(0 Are the <M0 orthogonal over the interval s / ^ 1? 
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(g) Consideran approximation of x(0 = e* over the interval ^ r ^ 3 of the form 

Find the value of an that minimizes the energy in the error signal over the in- 
terval, 
(h) We now wish to approximate *' by a Taylor series using two terms— i.e., 
JCi (f) = *>o + ^i f- Find the optimum values for Go and a { . [Hint: Compute £ in 
terms of An arid oi , and then so We the simultaneous equations 

t— - and - — = 0, 

Note that your answer for oq has changed from. Its value in part (g), where there 

was o nly one term in the series. Further, as you increase the number of terms in 

the series, that coefficient amd all others will continue to change. We can thus 

see the advantage to be gained in expanding a function using orthogonal terms.] 

3,67 As we discussed in the text, the origins of Fourier analysis can be found in problems 

of mathematical physics. In particular, the work of Fourier 'was motivated by his 

investigation of heat diffusion. In this problem, we illustrate how the Fourier series 

enter into the investigation. 11 

Consider the problem of determining the temperature at a given depth beneath 
the surface of the earth as a function of time, where we assume that the temperature 
at the surface is a given function rrf time T{t) that is periodic with period 1 . (The 
unit of time is one jear.) Let T(x. t) denote the temperature at a depth x below the 
surface at time t . This function obeys the heat diffusion equation 

ft 2^ B& (FJ,or-l) 

with auxiliary condition 

T((Xt) = T(t), (P3.67^2> 

Here, k ia the heat diffusion constant for the earth (t > 0), Suppose that we expand 
7X0 in a Fourier series: 

TiO = X °** /B2 *'- (P3,67^3) 

Similarly* let us expand T{x. t) at any given depth x in a Fouriei series in r. We 
obtain 

rUO = 2 M*)^" 2 ". (P3,67-4) 

where the Fourier coefficients b n (x) depend upon the depth x. 

l3 The problem has been adapted ftum A. Sommerfeld, Partial Differential Equations in Physics (N*w 
York: Academic Pitss, 1949). pp 6S-71. 
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(a) Use eqs. (P3,67-l)-(P3,67-4) to show thai b„{x) satisfies the differential equa- 
tion 

d 2 b n (x) 4njn mi« < 1 

, 2 = —^-h n {x) (P3.67-5a) 

with auxiliary condition 

MO) =* c B , (P3.67^-5b) 

Since eq. (P3.67— 5a) is a second-order equation, we need a second auxiliary 
condition. We argue on physical grounds that, far below the earth's surface* the 
variations in temperature due to surface fluctuations should disappear. That is, 



lim T(x, t) - a constant. <P3.67-5c) 

(b) Show that tha solution of eqs. (P3.67-5) is 

^(*) - ' a * c M*-^r|nj(l + j)x/kl n ^ 



a„ exp[- Ji 



2irli»j(l- fixfkl n ^0 

(c> Thus* the temperature oscillations at depth x are damped and phase-shifted ver- 
sions of the temperature oscillations at the surface, lb see this more clearly, 
let 

T(t) = aq + a\ sin 2tt/ 

(so that no represents the mean yearly temperature). Sketch T{i) and T{ x, 1) over 

a one -year period for 

oo - 2* and di - t. Note that at this depth not only are the temperature os- 
cillations significantly damped, but the phase shift is such that it is warmest in 
winter and coldest in summer. This is exactly the reason why vegetable cellars 
are constructed! 

3*68* Consider the closed contour shown in Figure P3.68. As illustrated, we can view this 
curve as being traced out by the tip of a rotating vector of varying length. Let r($) 
denote the length of the vector as a fuuetion of the angle 6. Then ri8) is periodic in 
6 with period 2tt and thus has a Fourier series representation. Let {a k } denote the 
Fourier coefficient of r\B). 

(a) Consider now the projection x(&) of the vector r{8) onto the j-axis, as indicated 
in the figure. Determine the Fourier coefficients for x($) in terms of the a* V 

(b) Consider the sequence of coefficients 

b t = a t e^\ 
Sketch the figure in the plane that corresponds to this set of coefficients. 
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Figure P3.68 



(c) Repeat part (b) with 



b k = a k d[k]. 



(d) Sketch figures in the plane such that r(0) is /tor constant, but does have each of 
the following properties: 
CO r(&) is even. 

(ii) The fundamental period of r{&) is tt. 
(iii) The fundamental period of iiQ) is ir/2. 

3.6£, In this problem, we consider the discrete-time counterpart of the concepts introduced 
in Problems 3.65 and 3,66. In analogy with the continuous-time case, two discrete- 
time signals 4>kM and $ ffl [n] are said to be orthogonal over the interval (Ni,^i) 
if 



2 **[«!«.[*] - { J? 1 ' 



A: = m 
ft # m 



(F3 r G9-l) 



If the value of the constants A t and A m ate both 1, then the signals are said to be 
orthorjormal. 

(a) Consider the signals 

Show that these signals are orthonormal over the interval {—N t N). 

(b) Shew that the signals 

<M«] = ^ H2 *'^".Jt - 0.1.,.., AT- 1, 

are orthogonal over any interval of length JV. 

(c) Show that if 



x[n] = ^Q f 4tj[n], 



j=1 
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where the <f>i [n] are orthogonal over the interval [N\ . N 2 )+ then 

(d) Let <fr[n j, i = U, 1, . . . , M , be a set of orthogonal functions over the interval 
(/V s , Ni\ and let x[n] be a given signal. Suppose that we wish to approximate 
x[n\ as a linear combination of the <f>i[n)\ that is, 

M 

where thod; are constant coefficients, Let 
and show that if we wish to minimize 

then the a,; are given by 

1 3. 
tfi r = T" 2 4*;W (P3,69-2) 

[Hint: As in Problem 3,66, express £ in terms of a/, ^[n], A^, and x[n) t wnce 
tf; = b, + jci, and show that the equations 

SE &E 

-r- = and — =*0 

are satisfied by the a t given by eq, (P3,69-2). Note that applying this result 
when the $ t \n\ are as in part (b) yields eq. (3.95) for *z A .] 

(e) Apply the result of part (d) when the 4*t\n) are as in part (a) to determine the 
coefficients #, in terms of *[«]. 

3.70. (a) In this problem, we consider the definition of the two-dimensional Fourier se- 
ries for periodic signals with two independent variables. Specifically, consider 
a signal x[t\, f?) that satisfies the equation 

x(t Xr t 2 ) = xUi +T\.t 2 + T 1 \ foralir : ,/ 3 . 

This signal is periodic with period 7*] in the 1 t direction and with period T 2 in 
the h direction. Such a signal has a series representation of the form 



^i>'2>* 2 2 aw^^'^H 



ft= —^ m = 



Z8Z 
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where 



mi = 2irfT\, g*2 — 2iW7V 



Find an expression for a mn in terms of xOi, r>). 
(b) Determine the Fourier series coefficients a mn for the following signals: 

(l) COS(2TTf| + 2* 2 ) 

(ii) the signal illustrated in Figure P3.70 

x(li| \ t ) ~ 1 in shaaed areas and 
«*sawhere 




Figure P3.70 

3.71* Consider the mechanical system shown in Figure P3.71. The differential equation 
relating velocity v{t) and the input force /(f) is given by 



flv(f) + K 



ivitUi = 



= f(r\ 



^t) 



m 



1 

■— i 



Figure P3.71 
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(a) Assuming that the output is ,£(!), the compressive farce acting on the spring, 
write the differential equation relating f,(t) and f(t)^ Obtain the frequency re- 
sponse of the system, and argue that it approximates that of a towpass filter. 

(b) Assuming that the output is fa{t\ (he compressive force acting on the dash- 
pot, write the differential equation relating fd(t) and f{t) . Obtain the frequency 
response of the system, and argue that it approximates that of a highpass filter. 
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The continuous-time fourier 

transform 




4.0 JMTT?ODUCT10N 



In Chapter 3, we developed a representation of periodic signals as linear combinations of 
complex exponential^ We also saw how this representation can be used in describing the 
effect of LTI systems on signals. 

In this and the following chapter, we extend these concepts to apply to signals that are 
not periodic. As we wilt see, a rather large class of signals, including all signals with finite 
energy, can also be represented through a linear combination of complex exponentials. 
Whereas for periodic signals the complex exponential building blocks are harmonically 
related, for aperiodic signals they are infinitesimaJly close in frequency, and the represen- 
tation in terms of a linear combimiion takes the form of an integral rather than a sum. Hie 
resulting spectrum of coefficients in this representation is called the Fourier transform, and 
the synthesis Integral itself* which uses these coefficients to represent the signal as a linear 
combination of complex exponentials, is called the inverse Fourier transform. 

The development of this representation for aperiodic signals hi continuous time is 
one of Fourier's most important contributions, and our development of the Fourier trans- 
form follows very closely the approach he used in his original work. In particular, Fourier 
reasoned that an aperiodic signal can be viewed as a periodic signal with an infinite pe 
riod. More precisely ♦ in the Fourier series representation of a periodic signal, as the period 
increases the fundamental frequency decreases and the harmonically related components 
become closer in frequency. As the period becomes infinite, the frequency components 
form a continuum and the Fourier series sum becomes an integral. In the next section 
we develop the Fourier series representation for continuous-time aperiodic signals, and 
in the sections that follow we build on this foundation as we explore many of the important 
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properties of the continuous-time Fourier transform that form the foundation of frequency- 
domain methods for continuous-time signals and systems. In Chapter S r we parallel this 
development for discrete-time signals, 

4. 1 REPRESENTATION CNF APERIODIC SIGNALS: 

THE CONTINUOUS-TIME FOURIER TRANSFORM 

4. 1 . 1 Development or the Fourier Transform Representation 
of an Aperiodic SlgnaJ 

To gain some insight into the nature of the Fourier transform representation, we begin by 
revisiting the Fourier secies representation for the continuous-time periodic square wave 
examined in Example 3.5. Specifically, over one period. 



*" to, r, <|r|< 



Til 



and periodically repeats with period T, as shown in Figure 4 + 1 . 

As determined in Example 3,5, the Fourier series coefficients a k for this square wave 
are 



teq. (3.44)] 



«t - 



2sin(jfcttjorp 



(4-1* 



where <d = 2*r/7\ In Figure 3.7, bar graphs of these coefficients were shown for a fixed 
value of T\ and several different values of T. 

An alternative way of interpreting eq. (4,1) is as samples of an envelope function, 
specifically, 



Ta k = 



2sin&)Ti 



<o 



ft>-jtGJD 



(4.2) 



That is, with cu thought of as- a continuous variable, the function (2 sin wT\ }fu> represents 
the envelope of Ta^ and tho coefficients at are simply equally spaced samples of this 
envelope. Also, for fixed T\ , the envelope of T& k is independent of T. In Figure 4.2, we 
again show the Fourier series coefficients for the periodic square wave* but this time as 
samples of the envelope of Ta k , a$ specified in eq. (4,2). From the figure, we see that as 
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Figure 4.1 A continuous-time periodic square wive. 
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Figure 4.2 The Fourier series co- 
efficients and their envelope lor the 
periodic square wave in Figure 4.1 for 
several values of T (with T\ fixed), 
(a) T = 4T,; (b) T = BT,;{t) T = 
167,. 



T increases, or equivalency, as the fundamental frequency o>u = 2irfT decreases, the 
envelope is sampled with a closer and closer spacing. As T becomes arbitrarily large* 
the original periodic square wave approaches a rectangular pulse (i.e. T all that remains in 
the time domain is an aperiodic signal corresponding to one period of the square wave). 
Also, the Fourier series coefficients, multiplied by 7\ become more and more closely 
spaced samples of the envelope, so that in some sense (which we will specify shortly) 
the set of Fourier series coefficients approaches the envelope function as 7 — ► «. 

This example illustrates the basic idea behind Fourier's development of a represen- 
tation for aperiodic signals. Specifically, we think of an aperiodic signal as the limit of a 
periodic signal as the period becomes arbitrarily large* and we examine the limiting be- 
havior of the Fourier series representation for this signal. In particular* consider a signal 
x{t} that is of finite duration. That is, for some number T\ y x{t) = if \t \ > 7V as illus- 
trated in Figure 4.3(a). From this aperiodic signal, we can construct a periodic signal 1(0 
for which tf,t) is one period, as indicated in Figure 4.3(b). As we choose the period 7 to 
be larger, i(r) is identical to x{t) over a longer interval, and as T —* * T x(t) is equal to 
x(t) for any finite value of t> 

Let us now examine the effect of this on the Fourier series representation of x{t). 
Rewriting eqs. (3.3&) and (3.39) here for convenience, with the integral in eq. 039} 
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Figure 4.3 (a) Aperiodic signal *(*); (b) periodic signal x[t), constructed 
to be equal to i{t) over one period. 

carried out over the interval -772 ^ r ^ 7*f2, we have 



t(/) = ]T a k e 



jhi*tt 



■772 






(43) 



(4,4) 



where cdq = 2?r/r. Since x(r) = x(r) for |r| < Ttl t and also, since x(0 - outside this 
interval, cq. (4.4) can be rewritten as 



in. 



if" I f + * 

i J -772 / ;-« 

Therefore, defining the envelope X{jta) of To* as 

Jfy») = f Mtye-^dt, 

J— m 



we have, for the coefficients a*, 



a* = :=J£(;*woX 



(4.5) 



(4,6) 



Combining eqs> (4.6) and (4,3), we can express x(f) in terms af X(jto) as 
or equivalently, since 2tt/T - tt> Qt 



Z7T 



(47) 



* = -» 
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As T -> *, x(t) approaches x(t\ and consequently, in the limit eq. (4.7) becomes a rep- 
resentation of x(t)r Furthermore, a>o -** as T -* «\ and the right-hand side of eq, {4.7) 
passes to an integral This can be seen by considering the graphical interpretation of the 
equation, illustrated in Figure 4.4. Each term in the summation on the right-hand side is 
the area of a rectangle of height X{j kd>o)e JkbJat and width &>o ► (Here, \ is regarded as fi xed, ) 
As too — * 1 the summation converges to the integral of X(jvr)e ,iat * Therefore, ming 
the fact that x(t) — * x(t) asT -* », we see that eqs, (4.7) and (4.5) respectively become 



(4.8) 




and 




(4,9) 



Xijtate^ 



Area^XUkiooJe^'cDc 




^ + 1)^ 



koju 



Figure 4.4 

of eq. (4.7). 



Graphical intefTHetatton 



Equations (4.8) and (4,9) are referred to as the Fourier transform pair, with the func- 
tion X(ja>} referred to as the Fourier Transform or Fourier integral of *(r) and eq. (4.8) 
as the inverse Fourier transform equation. The synthesis equation (4.8) plays a role for 
aperiodic signals simitar to that of eq. (3 38) for periodic signals, siitce both represent a 
signal as a linear combination of complex exponentials. For periodic signals, these com- 
plex exponentials have amplitudes (a t ) T as gi\en by eq. (339), and occur at a discrete set 
of harmonically related frequencies jt&jg, k — 0, :tl, ±2, . . ,, For aperiodic signals, the 
complex exponentials occur at a continuum of frequencies and, according to the synthesis 
equation (4.8), have "amplitude" X(joi}(dtt)J27r). In analogy with the terminology used 
for the Fourier series coefficients of a periodic signal* the transform X( jcu) of an aperiodic 
signal x(t) is commonly referred to as the spectrum of x(t) t as it provides us with the in- 
formation needed for describing x(t) as a linear combination (specifically, an integral) of 
sinusoidal signals at different frequencies. 

Based on the above development, or equivalently on a comparison of eq r (4,9) and 
eq, (3,39), we also note that the Fourier coefficients a* of a periodic signal x(t) can he 
expressed in terms of equally spaced samples of the Fourier transform of one period of jt(t\ 
Specifically, suppose that x{i) is a periodic signal with, period T and Fourier coefficients 
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a±. Let x(r) be a finite-duration signal that is equal to x(t) over exactly one periooV-say, 
■for j £-r ^ j + T for some value of j — and that is zero otherwise. Then, since eq. (339) 
allows us to compute (he Fourier coefficients of x(t) by integrating over any period, 
we can write 

I r- ,+ J* i r* 4 *" 

a* = f J JEWr*^* = ^ j *(0* - ' w <tt. 
Since *(i) is zero outside the range j ^ t ^ j + T we can equivatentty write 



Comparing with eq. (4.9) we conclude that 



(4 JO) 



where X(jw) is the Fourier transform of x(r). Equation 4. 10 states that the Fourier coef- 
ficients of £(i) are proportional to samples of the Fourier transform of one period of x(t). 
This fact, which is often of use in practice, is examined further in Problem 437, 

4. 1 -2 Convergence of Fourfer Transforms 

Although the argument we used in deriving the Fourier transform pair assumed that x{i) 
was of arbitrary but finite duration, eqs. (4.8) ami (4.9) remain valid for an extremely broad 
class of signals of infinite duration. In fact, our derivation of the Fourier transform suggests 
that a set of conditions like those required for the convergence of Fourier series should also 
apply here, and indeed, that can be shown to be the case.! Specifically, consider X(jw) 
evaluated according .to eq. (4.9), and let i(r) denote the signal obtained by using Xijw) in 
the right-hand side of eq. (4.S). That is, 



m= 2^J XijvW-'dw. 



What we would like to know is when eq + (4.8) is valid [i.e., when is &{t) a valid represen- 
tation of the original signal x(t)7\. If x(t) has finite energy, i.e,, if it is square integrable, 
so that 

\x{t)\ 2 dt<^ (4.11) 

then we are guaranteed that X(jo>) is finite [i.e., eq. (4.9) converges] and that, with e{t) 
denoting the error between 2(t) and x(i) [i.e., e(t) = Jt{t) - x(t)], 

'For a mathematically rigorous discussion of the Fourier transform and its properties sod application*, 
ace fL Brace well. The Fourier Transform and Its Applications, 2nd ed. <New York: McGtaw-Hid Book Com- 
p*ny, 1986); A. Papouhs, TV Fourier Integral end Its Applications (New York; McGraw-Hill Book Company, 
1987):; E C-Tttchmaish. Introduction to the Theory of Fourier Jntegrato (Oxford: QarabdoflPies5 b L94S);ukl 
the book by Dyn and McKeaa referenced in footnote 2 of Chapter 1 
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i 



\e(t)\ 2 dr = ft (4.12) 



Equations (4,11) and (4 J 2) are the aperiodic counterparts of eqs. (3.51 1 and (3.54) for 
periodic signals. Thus, in a manner similar to that for periodic signals, if x(r) has finite 
energy, then, although xit) and its Fourier representation i(f) may differ significantly at 
individual values of t, there is no energy in their difference. 

Just as with periodic signals, there is an alternative set of conditions which are suffi- 
cient to ensure that £(i) is equal to x(t) for any t except ata discontinuity, where it is equal 
to the average of the values on either side of the discontinuity. These conditions, again 
referred to as the Dirichlet conditions, require that: 

1. x(t) be absolutely integrable; that is, 

\*{t)\dt < «. (4.13) 

2. x(t) have a finite number of maxima and minima within any finite interval. 

3. Mi) have a finite number of discontinuities within any finite interval. Futhermore, 
each of these discontinuities must be finite. 

Therefore, absolutely iortegr&ble signals that are continuous or that have a finite number of 
discontinuities have Fourier transforms. 

Although the two alternative sets of conditions that we have given are sufficient to 
guarantee that a signal has a Fourier transform, we will see in the next section that peri- 
odic $ignals, which are neither absolutely integrable nor square integrable over an infinite 
interval, can be considered to have Fourier transforms if impulse functions are permitted 
in the transform. This has the advantage that the Fourier series and Fourier transform can 
he incorporated into a common Framework, which we will find to be very convenient in 
subsequent chapters. Before examining the point further in Section 4.2, however, let us 
consider several examples of the Fourier transform. 

4.1. J Examples of Continuous-Time Fourier Transforms 
Example 4.1 



Consider the signal 
From eq. (4.9), 



*(0 = e w u(t) a > 0, 



Jo c + yi> 

That is, 

Xijai) = — ~- h fl >(>. 
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Since this Fourier transform is complex valued, to plot it as a function of ut, we express 
X{j(o) in terms of its magnitude and phase: 

\X(jo>)\ = -=L <X(ja) = -tanW-V 

Each of these components is sketched in Figure 4,5. 

Note that if a is complex lather than real, then rtf) is absolutely integrate as LoDg 
as{JU?|<i} > 0, and hi this case the preceding calculatioD yields the same form for X(j<o). 
That is, 

XUa) = — = — , ffi«{d} > 0. 
a + /to 




m 




Figure *.5 Fourier transromMf the signal x(t) = e-^atf), a > 0. consid- 
ered In Example 4.1. 



Example 4.2 

Let 



x(0 = e 



= „-«M 



d>0. 
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This signal is sketched in Figure 4.6. The Fourier transform of the signal is 



X(ju) = e^e'^'dt 



■L-* 



e'^dl + 



e -a. e -j*t dt 



1 



1 



a — jot a •¥ /oi 

a 1 + w z ' 
In this case X(ju) is real, and it is illustrated in Figure 4.7, 




Figure *A Signal x[t) = r*! of Example 4.2 




Figure 4.7 Fourier transform of the signal considered in Example 4.2 and 
depicted in Figure 16. 

Example 4.3 

Now let us determine the Fourier transform of the unit impulse 

*(0 = B{t}. (4.14) 

Substituting into eq. (4.?) yields 

XlJ<o) = f B(nt~ imt dt = 1. {4,15} 

J— ^i 

That is h the unit impulse has a Fourier transform consisting of equal contributions at a// 
frequencies. 
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Example 4.4 

Consider the rectangular pulse signal 

[} la |r|>ri' 



(4.16) 



as shown in Figure 4,8(&), Applying eq. (4.9). we find that the Fourier transform of this 
si gnu! is 



f r ' si 



siri(i>7] 



as sketched in Figure 4,8fb). 



m 



-T, T, 

(a) 



(417) 




Figure 4. a {a) The rectangular pulse signal of Example 4.4 and (b) its 
Fourier transform. 



As we discussed at the beginning of thii section, the signal given by eq. (4.16) can be 
thought of as the limiting form of a periodic square wave as the period becomes arbitrarily 
large. Therefore, wc might expect that the convergence of the synthesis equation for this 
signal would behave in a manner similar to that observed in Example 3,5 for the square 
wave . This is t in fact, the case , Specifically , consider the inverse Fourier transform for the 
rectangular pulse signal: 



e^do). 



fri 



Then, since x{t) is square integrable, 
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/. 



\x{o-x(tfdt = a 



Furthermore, because *(0 satisfies the Dirichlet conditions, x(t} = x(i), except at the 
points of discontinuity, t *= ±/j, where Jt(t) converges to 1/2, which is the average of 
the values of *(/) on both sides of the discontinuity. In addition, the convergence of x{t) 
to rtt) exhibits the Gibbs phenomenon, much as was illustrated for the periodic square 
wave in Figure 3.9, Specifically, in analogy with the finite Fourier series approximation, 
cq + (3 47), consider the following integral over a finite-Length interval of frequencies: 






sinwJi 



e> r dw. 



at 



As W -*■ «, this signal converges to x(t) everywhere, except at the discontinuities . More- 
over, the signal exhibits ripples near the discontinuities. The peak amplitude of these rip- 
ples does not decrease as W increases, although the ripples do become compressed toward 
the discontinuity, and the energy in the ripples converges to zero. 



Example 4.5 

Consider the signal *(0 whose Fourier transform is 

This transform is illustrated in Figure 4.9(a), Using the syDthesis equation (4.S), we can 



(4.1S) 



X{j«> 



W W 




Figure 4.9 f ouner transform pair of Example 4.5: (a) Fourier transform for 
Example 4.5 and (b) the corresponding tiros function. 
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then determine 



2ir J-w 



smWt 



(A.m 



which is depicted in Figure 4.9(b). 



Comparing Figures 48 and 4.9 or, equtvalently, eqs. (4.16) and (4.17) with eqs. 
(4,18) and (4.19). we see an interesting relationship. la each case, the Fourier transform 
pair consists of a function of the form (sin ad)/b6 and a rectangular pulse. However, in 
Example 4.4, it is the signal x(t) that h a pulse, while in Example 4.5 T it is the transform 
X(ju>), The special relationship that is apparent here is a direct consequence of the duality 
property for Fourier transforms, which we discuss in detail in Section 4,3.6. 

Functions of the form given in eqs, (4,17) and (4.19) arise frequently in Fourier 
analysis and in the study of LTI systems and are referred to as sine functions, A commonly 
used precise form for the sine function is 



sinc(0) = 






(4.20) 



The sine function is plotted in Figure 4.10. Both of the signals in eqs. (4.17) and (4 19) 
can be expressed in terms of the sine function: 



2 sin b) T 



sinlVt 



- 2T\_ sine 



<vT\ 



TT 



7Tf 



W fWt 
— sine | — - 

TV \7T 



srnc(e) 




Figure 4. 10 The sine function 

Finally, wc can gain insight into one other property of the Fourier transform by 
examining Figure 4,9 T which we have redrawn as Figure 4.11 for several different values 
of IV. From this figure, we see that as W increased X(j<*>) becomes broader, ^while the 
main peak of x{t) at t - becomes higher and the width of the first lobe of this sig- 
nal (i.e.* the part of the signal fot \t\ < tt/W) becomes narrower In fact, in the Limil as 
W — > », X(jo>) = 1 for all W, and consequently, from Example 4.3, we see that x{t) in 
eq. (4,19) converges to an impulse as W — * ». The behavior depicted in Figure 4.11 is 
an example of the inverse relationship that exiits between the time and frequency domains. 
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(a) 



Wi 









1 



-W-! 



w- 



(b) 




Figure 4.1 1 Fourier Iransfonm pair of Figure 4.9 for s&veral different valuss of W. 

and we can see a similar effect in Figure 4,8, where an increase in T\ broadens x(t) bin 
makes X{j<a) narrower. In Section 4.3.5, we provide an explanation of this behavior in the 
ctjntextof the scaling property of the Fourier transform. 



4.2 THE FOURIER TRANSFORM FOR PERIODIC SIGNALS 

In the preceding section, we introduced the Fourier transform representation and gave 
several examples. While our attention in that section was focused on aperiodic signals, we 
can also develop Fourier transform representations for periodic signals, thus allowing us to 
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consider toth periodic and aperiodic signals within a unified context Lnfact, as we will see, 
we can construct the Fourier transform of a periodic signal directly from its Fourier series 
representation. The resulting transfonn consists of a train of impulses in the frequency 
domain, with the areas of the impulses proportional to the Fourier series coefficients. This 
will turn out to be a very useful representation. 

To suggest the genera] result* lei us consider a signal jc(t) with Fourier transform 
X(jw) that is a single impulse of area 2fr, at *u = w w ; that is h 

X{jo,) « 2jtS{<*> wo) (4.21) 

To determine the signal *(r) for which this is the Fourier transform, we can apply the 
inverse transform relation, eq. (4.8), to obtain 

1 f + " 
x{t) = — 2rtd{at - &) )^ wr dai 

More general ly, if X{jw) h of the form of a linear combination t>f impulses equally spaced 
in frequency, that is t 

+^ 
X{ju>) = ^ 2*™ k 8ita - ka>u), (4.22) 

k* — ■*> 

then the application of eq. (4.8) yields 

— * 
x(£) « ^ fl*e'*"™', (4.23) 

t= * 

We see thav eq. (4,23) corresponds exactly to the Fourier series representation of a periodic 
signal* as specified by eq. (338). Thus, the Fourier transform of a periodic signal with 
Fourier series coefficients {a A } can be interpreted as a train of impulses occurring at the 
harmonically related frequencies and for which the area of the impulse at the jtth harmonic 
frequency two is lir times the kth Fourier series coefficient a k . 

ExampJe 4.6 

Consider again the square wave illustrated in Figure 4.1. The Fourier stnes coefficients 
for this signal are 

Mil kat T\ 
a * = 1 ■*■ 

TTK 

and the Fourier transform of the Mgnal is 

x(jttf) = 2^ ^^jT — *** ~ °^ h 
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which is sketched in Figure 4.12 for T = AT\ In comparison with Figure 3 J (ah the 
only differences are a proportionality factor oT 2v and the uw of impulses rather than a 

bar graph. 



*<l 



2 ' 



''■v,)/' f \ 



'2 



*°c fc-ci 



17^^ 



Figure 4.1 2 Fourier transform of a symmetric periodic square wave 



Example 4.7 

Lei 

.f(0 = sinc^of. 

The Fourier series coefficients for this signal are 

1 
*, = -, 

I 

a k = 0. jt ^ 1 or -1, 

Thus T the Fourier transform is as shown in Figure 4 J 3(a). Similarly, for 

X(t) — CGSbJfl?, 

the Fourier series coefficients are 

1 
*i = ff-i = j, 

at = 0, fc# 1 or -I. 

The Fogri tr transform of this signal is depicted in Figure 4.13(b), These two transforms 
will be of considerable importance when we analyze sinusoidal modulation systems in 
Chapter 8- 
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1 



x<j-w) 



■J*0 H> 



Figure 4.13 Fourier transforms of {a) x{t) = sin^f; (b) x{t) - cos a* J 



Example 4,8 

A signal thut we will find extremely useful in our analysis uf sampling iystems in Chap- 
ter 7 is the impulse train 

x{t) - V 5(t - kT\ 



■which is periodic "with period T\ as indicated in Figure 4.14(a). The Fourier series coef- 
ficients for (his signal were computed in Example 3.8 and are given by 



If 1 " 1 1 



Thar is, every Founer coefficient of the periodic impulse train has rhc ^imc va]uq L [/T, 
Substituting this value for^t in eq. (4.22) yields 



2tt 



2l7* 



Thus, the Fourier transform of a periodic impulse train in the time domain with pe- 
riod T\\ a periodic impulse Uain in the frequency domain with period 2irfT, as sketched 
in Figure 4, J 4(b) Here again, wesee an illustration of the inverse relationship betweea 
the time and the frequency domains. As the spacing between the impulses in the time 
domain (i r e,, the period) gets longer, the spacing between the impulses in the frequency 
domain (namely, the fundamental frequency) gets smaller. 
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Periodic impulse train; (b) its Fourier transform 



43 PROPERTIES OP THE CONTINUOUS-TIME FOURIER TRANSFORM 

la this and the following two sections, we consider a number of properties of the Fourier 
transform. A detailed listing of these properties is given inlbble 4.1 in Section4.6. \s was 
the case for the Fourier series representation of periodic signals* these properties provide 
us with a significant amount of insight into the transform and into the relationship between 
the time-domain and frequency-domain descriptions of a signal. In addition, many of the 
properties are often useful in reducing the complexity of the evaluation of Fourier trans- 
forms or inverse transforms. Furthermore, as described in the preceding section, there is 
a close relationship between the Fourier series and Fourier transform representations of a 
periodic signal, and using this relationship, we can translate many of the Fourier transform 
properties into corresponding Fourier series properties, which we discussed independently 
in Chapter 3, (See, in particular, Section 3,5 and Table 3.1 .) 

Throughout the discussion in this section, we will be referring frequently to functions 
of time and their Fourier transforms, and we will find it convenient to use a shorthand 
notation to indicate the pairing of a signal and its transform. As developed in Section 4, 1, 
a signal x(t) and its Fourier transform X(j«) are related by the Fourier transform synthesis 
and analysis equations, 



N- (4.S)] 

and 

leq. (4.9)] 



*<*) = 






X{ju)ei<* s dtM> 



(4.24) 






(4.25) 
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We will sometimes find it convenient to refer to X{jb>) with the notation 5 {Mt)\ and 
to x{t) with the notation 5~ '{X(ja>)}. We will also refer to x{i) and Xij&i) as a Fourier 
transform pair with the notation 

x(r) «-^» X(jto). 
Thus, with reference to Example 4 r 1 , 

1 



and 



1 






+ j&> 



1 



a + jtii 



4.3.1 Linearity 

if 



and 



then 



*(0 «--+ #(>>) 



y<0 «— > Y{ju), 



axif) + 6y(0 * — * aX(» + bY{jo*l 



14.26) 



The proof of eq. (4.26) follows directly by application of the analysis eq. (4.25) to ax{t) + 
byity The linearity property is easily extended to a linear combination of an arbitrary 
number of signals. 

4.3.2 Time Shifting 

If 



then 



Jf(f) «^ X(M 



_r{f - j n ) « — * e-^Xijul 



(4.27) 
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To establish this property, consider eq. (4.24) : 

lit )-* 
Replacing t by t — r$ in this equation, we obtain 

1 f + " 



2tt j_. 



Recognizing this as the synthesis equation for x{t — to), we conclude that 

One consequence of the time-shift property is that a signal which is shifted in time 
does not have the magnitude of its Fourier transform altered. That is, if we express X(Jto) 
in polar form as 

${x(t)} = X<» = \X(jo>)\rJ <x <>\ 
then 

Thus, the effect of a time shift on a signal is to introduce into its transform a phase shift, 
namely, -*ufo, which is a linear function of &>. 

ExampJe 4.9 

To illustrate the usefulness of the Fourier transform linearity and time-shift proper- 
ties, let us consider the evaluation of the Fourier transform of the signal x(t} shown in 
Figure 4.15(a). 

First, we observe that x(t) can be expressed as the linear combinaJiflTi 

m - ^(t-ZSi + xrt -Z5)> 

where the signals * L (0 and x 2 (0 are the rectangular pulse signals shown in Figure 
4 r 15(b) and (c). Theu h using the result from Example 4,4 + we obtain 

X\{jw) = — and Xzijw) - -. 

m at 

Finally, nsing the linearity and time-shift properties of tfie Fourier transform yields 

Xittti) - e-J 5 "" 2 f 3in ^/2) + 2sin(3ai/2) | 



Sec, 4,3 Properties of the Gontinuous-Time Fourier Transform 



3GF3 



15 
1 



xft 




(a) 





1 


x,(t} 
















— i 1 

2 2 


1 


(b) 




1 *!$ 













2 * 

2 



(C) 



Figure 4.15 Decomposing a signal into the linear combination of two sim- 
pler signals (a) The signal x{t) for Example 4.9; (b) and ({;} tJie two compo- 
nent signals used to represent x{t). 



4.3.3 Conjugation and Conjugate Symmetry 

The conjugation property state* that if 



Jtir) 



X{jar\ 



then 



x*U) *— X*(-M 



(4.28) 



This property follows from the evaluation of the complex conjugate of eq. (4.25): 
Replacing <x> by — cu, we see that 



(4.29) 
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Recognising that the right-hand side of eq, (4.29) is the Fourier transform analysis equation 
for x*{t)+ we obtain the relation given in eq, (4,28), 

The conjugation property allows us to show that if x(i) is real, then X(jtii) has con- 
jugate symmetry; that is, 



K(-juj) = X-(jw) (Jc(f)real]. 



(4.30) 



Specifically, if x(t) is real so that x*(i) = x(t), we have, from eq. (4.29X 

and eq. (4.30) follows by replacing *> with — w. 
From Example 4.1, with jt(f) = e~ ot u(t\ 



a + j<ij 
and 

a - jw 
As one consequence of eq. (4.30), if we express X^jta) in rectangular form as 
X{jo>) = (ke{X{jia)} + j&m{X{j&)), 
then if x(t) is real, 

and 

That is, the real part of the Fourier transform is an even function of frequency, and the 
imaginary part is an odd function of frequency. Similarly, if we express X(jat) in polar 
form as 

X(jio\ - |*(»!^**^\ 

then it follows from eq, (4,30) that |Y(/gm| is an eveo function of it) and <£X{jti*) is an 
odd function of ok Thus, when computing or displaying the Fourier transform of a real- 
valued signal, the real and imaginary parts or magnitude and phase of the transform need 
only be specified for positive frequencies, as the values for negalive frequencies can be 
determined directly from the values for u* > using the relationships just derived. 

As a further consequence of eq. (4.30), if x{t) is both real and even, thenX(;^) will 
also be real and even. To see this, we write 

Xi-jw) - x{t)e^dt, 



Sec 4 3 Properties of the Continuous-Time Fourier Traisform 3Q5 

or, with the substitution t = ~ f, 

{■ H ™ 
X(-.Ftu) = -T(— T)<T Ji, VT. 

Since j:(--t) - *(t), we have 



Thus, XOcu) is an even function. This, together with eq. (4.30), also requires that 
X w (ju) « X(jai) [i.e., that X{jo>) is real]. Example 4.2 illustrates this property for the 
real, even signal e fl l'L In a similar manner, it can be shown that if x(T) is a real and odd 
function of time, so that jc<f) = -x(-t), then X{j&) is purely imaginary and odd. 

Finally* as was discussed in Chapter 1, a real function jc(r) can always be expressed 
in terms of the sum of an even function x f (t) = &v{x(l)} and an odd function x„(t) = 
Gd{jr(*)}; that is, 

x(t) = xM + x 7 (ty 
From the linearity of the Fourier transform, 

*{*<!>} = $UtU)} + J{x a (t)}, 

and from the preceding discussion, ff{x t (t)) is a real function and ${x a (t)} is purely imag- 
inary. Thus, we can conclude that, with x(t) real 

Sv{*(0r JL iM#(»}, 

0*/{jc(O} *— + /d'mlXCytu)}. 
One use of these symmetry properties is illustrated in the following example. 

Example 4.10 

Consider again the Fourier transform evaluation of Example 4.2 for the signal x{r\ = 
«="* lr| , where g > 0, This time vie will utilize die symmetry properties of the Fourier 
transform to aid the evaluation process 
From Example 4. l t we have 

if I 



fl + jw' 



Note that for i > 0, x{t) equals e~ at u{r\ while for t < 0, x{t) takes on minor image 
values. That is. 



306 



The Continuous-Time Fourier Transform Chap. 4 



r<r fl '[r(/) + ff* J u(-J)' 

= 2£y{f _,ir u(/)}. 

Since e "'«Cf) Ls real valued, the symmetry properties of the Founcr transform lead us 
to conclude thai 



It follows that 



Evfr »'u{t}} * — * Ok 



X( jv) = 2(Rtf[ — -v 






2a 



which is the same as the answer" found in Example 4.2. 



4.3.4 Differentiation and Integration 

Let x(t) be a signal with Fourier transform X{jw). Then, by differentiating both sides of 
the Fourier transform synthesis equation (4.24), we obtain 



Therefore, 



da(0 



L. 



<fr 



juX(_j<*>). 



(4-31) 



This is a particularly important property, as it replaces the operation of differentiation in 
the time domain with that of multiplication by jta in the frequency domain. We will find 
the substitution to he extremely useful in our discussion in Section 4.7 on the use of Fourier 
transforms for the analysis of LTI systems described by differential equations. 

Since differentiation in the time domain corresponds to multiplication by jtu m the 
frequency domain, ope might conclude that integration should involve division by jut in 
the frequency domain. This is indeed the case, but it is only one pan of the picture. The 
precise relationship is 



(4.32) 



The impulse term on the right-hand side of eq. (4.32) reflects the dc or average value that 
can result from integration. 

The use of eqs .(4.31) and (4. 32) is illustrated in the ne xt two ex ampt es. 
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Example 4. 1 1 

Let u« dctttmint: the Fourier transform X(J<o) of the unit step x(t) = u{l) y making use 
of eq, (432) and the knowledge that 



g(t) = S(/) < — > C(;w) = 1. 



Noting that 



and taking the Fourier transform uf bt>lh sides, we obtain 

where we have used tht integration property listed in Table 4.]. Since Gi,jw\ — 1. wc 
conclude that 



X{ja>) - — +■ 7rS(in). 



(4.33) 



Observe that we can apply the differentiation property of eq. (4.31) to recover the 
transform of the impulse. That is n 






-.— + 7r6(op> 



= 1. 



whtre the last equality follows from the fact that toS(tu) = 0. 

Example 4, 1 2 

Suppose that we wish lr> calculate the Fourier transform X(/w» for the signal x(t) dis- 
played in Figure 4 16(a). Rather than applying the Fourier Integra] directly to x{tw we 
in^ltMid consider the signal 

git) = ^jr(0. 
1-- 



\& 



(a} 



BH- T 



-1 



1 t 



W 



-1 



T 

-1 



Figure 4.16 (a) A signal x[t) for which the Fourier transform >s to be eval- 
uated; (b) representation of the derivative of x(t) as the sum of two component. 
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Ar* illusiraled in Figure 4, 16(b), g{t) is the sum of u rectangular pulse and two- impulses. 
TTi-t: Fourier rronsforms of each of these component signals may he determined frotn 
Tiihlc 4.2: 



^■f?) 



— e'** — £ ' lfJi 



J\bnMhji[ G(0) = 0. Using the integration property, w*j obtain 



XUw) = 9S^1 + ttG^Oi^wi. 



J™ 



With O<0) ^ this becomes 



„ 2s\n.tu 1 CO^tsJ 

XO^) - - , - ; L 

jot- Jtll 

The expression for X(ju>) is purely imaginary and odd, which ts consistent with the fact 
that xti) is real and odd. 



4.3.5 Time and Frequency Scaling 

If 



x(t) <— > X(>j), 



then 




(4.34) 



where a is a real constant This property follow* directly from the definition of the Fourier 
trans form — sped ficall y T 



${x(at}} = [ x(at)e JMj dt. 



Using the substitution r = at+ we obtain 

1 ' + ' 

3{x{m)} = 









which corresponds to eq r <4 34). Thus, aside from the amplitude factor ]f\ct\ t a linear scal- 
ing in time hy a factor of 1 a corresponds to a linear scaling in frequency by a factor of \/a. 
and vice versa. AJsc, letting a = - 1 , we see from cq. (434) that 
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*{-0 *— + X(->w), J (4.35) 

.„ ~ r 



That is, reversing a signal in time also reverses its Fourier transform. 

A common illustration of eq. (4,34) h the effect on frequency content that results 
when an audiotape is recorded at one speed and played back at a different speed. If the 
playback speed is higher than the recording speed, corresponding to compression in time 
(i.c„ a > W then the spectrum is expanded in frequency {i.e., the audible erTeci is that the 
playback frequencies are higher). Conversely, the signal played back will be scaled down 
in frequency if the playback speed is slower than the recording speed (0 < a < I). For 
example, if a recording of the sound of a small bell ringing is played back at a reduced 
speed, the result will sound like the chiming of a larger and deeper sounding bell. 

The scaling property is another example of the inverse relationship between time 
and frequency that we have already encountered on several occasions. For example, we 
have seen that as we increase the period of a sinusoidal signal, we decrease its frequency. 
Also, as we saw in EKample 4,5 (see Figure 4. Jl). if we consider the transform 

then as we increase IV. the inverse transform of X(j<o) becomes narrower and taller and 
approaches an impulse as W — > « Finally, in Example 4.8, we saw that the spacing io the 
frequency domain between impulses in the Fourier transform of a periodic impulse train 
is inversely proportional to the spacing in the time domain. 

The inverse relationship between the time and frequency domain?, is of great im- 
portance in a variety of signal and systems contexts, including filtering and filler design, 
and we will encounter its consequences on numerous occasions in the remainder of the 
boot. In addition, the reader may very well come across the implications of this property 
in studying a wide variety of other topics in science and engineering. One example is the 
uncertainty principle in physics; another is illustrated in Problem 4.49. 

4.3.6 Duality 

By comparing the Iran sform and inverse transform relations given in eqs. (4 24 J and (4.25), 
we observe thatthese equations aie similar, but not quite identical, inform. This symmetry 
leads to a property of the Fourier transform referred to as duality. In Example 4.5, we 
alluded to duality when we noted the relationship that exists- between the Fourier transform 
pairs of Examples 4.4 and 4.5. In the former example we derived the Fiwier transform 
pair 

[_ u, \t\ > ; L w 

while in the latter we considered the pair 

sinWt $ . fl, M<1V ,„-_, 

irt 0, b > W - 
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*i(t) 



-T, T, 



X^w} 






*2 


tf) 


• W/tt 


■ft 

w 






TT 

w 




Kg(H 



-w 



w 



Figure 4,1 7 Relationship between the Fouier transform pairs of eqs, (4,3€) 

and (4.37). 

The two Fourier transform pairs and the relationship between them are depicted in 
Figure 4.17. 

The symmetry exhibited by these two examples extends to Fourier transforms in 
general. Specifically, because of the symmetry between eqs. (4.24) and (4,25), for any 
transform pair, there is a dual pair with the time and frequency variables interchanged. 
This is best illustrated through an example. 

Example 4.13 

Let us consider using duality to fi nd the Fourier transform G(ja > of the signal 

2 



m = 



i +&' 



In Example 4.2 vie encountered a Fourier transform pair in which the Fourier transform, 
as a function of in, had a form similar to that of the signal x(t) Specifically, suppose we 
consider a signal x{i) whose Fourier transform, is 



X{jio) - 



1 +w 2 



Then, from Example 4.2, 



<t) = e 



= „-2i'l 



Xijto) = 



] -{-til 



2' 
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The synthesis equation for this Fourier transform pair k 



-lirl _ 



U^'rf^. 



2*rJ_ x \l t«7 
Multiplying this equation by 2w and replacing t by -U «e obtain 

Now, interchanging the names of iKe variables $ and t*t, we find that 



21T£ - 2W 



I + f 3 



€ '"'dt. 



(4.18) 



The right-hand side of eq. (4,38) is The Founer transform analysis equation ft>r2/{l +■ t 2 \, 
and thus + we conclude that 



1 -W 2 } 



= 2we-^ 



The duality property can also be used to determine t>r to suggest other properties of 
Fourier transforms. Specifically, if there are characteristics of a function of time that have 
implications with regard to the Fourier transform, then the same characteristics associated 
with a function of frequency will havediurf implications in the time domain. For example, 
in Section 4,3.4, we saw that differentiation in the time domain corresponds to multiplica- 
tion by jto in the frequency domain. From the preceding discussion, we might then suspect 
that multiplication by jt in the time domain corresponds roughly to differentiation in the 
frequency domain. To determine the precise form of this dual property, we can proceed 
in a fashion exactly analogous to that used in Section 4,3.4. Thus, if we differentiate the 
analysis equation (4.25) with respect to w T we obtain 



d<t> 



jtx{t)e~ SWJ dt. 



(4.39; 



That is, 




(4.401 



Similarly, we can derive the dual properties of eqs. (4.27) and (4,32): 



e^x(0*—*Xij(w-m)) 



(4.41) 



and 




(4,42) 
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4.3.7 Parseval's Relation 

If x(r) and Jf(/w) are a Fourier transform pair, then 



[ 



«** - i 



|JfO'iu)| z <f<u. 



(4 43) 



This expression* referred to as ParsevaTs relation, follows from direct application of the 
Fourier transform. Specifically! 



xU)l 2 dt = I x(l)x\t)dt 



m 



J_ 

1<n 



I X*{jof)e^ l dw 



dt. 



Reversing the order of integration gives 



^"' = ^1 



-H* 



2T{jw) 



x(t)e j ""dt 



dto. 



The bracketed term is simply the Fourier transform of x\ r); thus, 

f \x(t)\ 2 dt= -^[ + \X(ju)[ 2 dv. 

The term on the left-hand side of eq. (4.43) is the tota] energy in the signal x{t). 
Parseval's relation says that this lotal energy may be determined either by computing the 
energy per unit time (|jc(/)p) and integrating aver all time or by computing the energy per 
unit frequency ( AXju>)|V2;r)andintegratingoverall frequencies. For this reason, \X(jto)] 2 
is often referred to as the energy-density spectrum of the signal x{?). (See also Problem 
4.45.) Note thai Parseval's relation for finite-energy signals is the direct counterpart of 
Parseval's relation for periodic signals (eq. 3.67), which states that the average power of 
a periodic signal equals the sum of the average powers of its individual harmontc compo- 
nents, which in turn are equal to the squared magnitudes of the Fourier scries coefficients. 

Parseval's relation and other Fourier transform properties are often useful in deter- 
mining some time domain characteristics of a signal directly from the Fourier transform. 
The next example is a simple illustration of this. 

Example 4. 1 4 

For tath of the Fourier transforms shown in Figure 4. IB, i*c wish to evaluate the follow- 
ing time-domain expressions: 



-f 



\x{f)?-dt 



d - T m 



r-0 



Sec 4 3 Properties of the Continuous-Time Fourier Transform 



313 



L 



X£M 



wr/2 



j\'TT_ 



--1 -Q.5 Q5 1 

(a) 




Figure 4.16 The Fourier transforms considered in Example 4 14 



To evaluate E in the frequency domain,, we may use Parseval h & relation. Thai is. 

E = 2tt [ IW"^ 



(4.44) 



which e val nates to | foi Figure 4. 1 S^a) and to I f ar Figure 4. 1 8(b). 

To evaluate D in the frequency domain, we first use the differentiation property to 
observe that 



Noting ihat 



D = gti} = 



G{jb>)d<i>, 



1 4.45) 



we conclude: 



Z> = jiiiX{jiA>)tiat 



<4.46) 



which evaluates to zero tor Figure 4.18(a) and to - ,/ir for Figure 4 r ]g(b). 



There are many other properties of the Fourier transform in addition to those we have 
already discussed. In the next two sections we present two specific properties that play 
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particularly central roles in the study of LTI systems and their applications. The first of 
these, discussed in Section 4.4, is referred to as the convolution property, which is central 
to many signals and systems applications, including filtering. The second, discussed in 
Section 4.5 t is referred to as the multiplication property, and it provides the foundation 
for our discussion of sampling in Chapter 7 and amplitude modulation in Chapter 8, In 
Section 4.6, we summarize the properties of the Fourier transform. 



4.4 THE CONVOLUTJON PROPERTY 



As we saw in Chapter 3, if a periodic signal is represented in a Fourier series i.e., as 
a linear combination of harmonically related complex exponentials, as in cl (3 r 3S) — 
then the response of an LTI system to this input can also be represented by a Fourier 
series. Because complex exponentials are eigenfunetions of LTI systems, the Fourier series 
coefficients of the output are those of the input multiplied by the frequency response of 
the system evaluated at the corresponding harmonic frequencies. 

In this section, we extend this result to the situation in which the signals are aperiodic. 
Wc first derive the property somewhat informally, to build on the intuition wc developed for 
periodic signals in Chapter 3, and then provide a brief, formal derivation starting directly 
from the convolution integral. 

Recall our interpretation of the Fourier transform synthesis equation as an expression 
for x(t) as a linear combination of complex exponentials. Specifically, referring back to 
eq, (4,7), xtf) is expressed as the limit of a sum; that is T 

1 f"* 1 +x 

x(t) - — X(jn>)e^'dw = hm — V X(jkv a )e J **w<o tl . (4.47) 

k - ?- 

As developed in Sections 3.2 and 3,8. the response of a linear system with impulse response 
h{i) to a complex exponential <H ij '' is H(jfuon)e* kwtir , where 

f '* 
tf(j^.i) = J h(t)e-^''4t (A48) 

We can recognize the frequency response H{ju)\ as defined in eq. (3. 1 21 ), as the Fourier 
transform of the system impulse Tesponsc. In other words, the Fourier transform of the 
impulse response (evaluated at w *= ta> ) is the complex scaling factor that the LTI system 
applies to the eigenf unction e J kt »*> . From superposition [see eq. (3.124)], we then ha 



lave 



and thus, from eq. (4.47), the response of Ihe linear system to *(f) is 

1 + * 
yit) = lim — V XijktarfHijkwrie'^tvn 

x k '~ x M,49) 



Sec. 4A The Convolution Property 



315 



Since y{t) and its Fourier traniform Y{jt») are related by 

ITT J * 

we can identify I\/aO from eq. (4.49), yielding 

As a more formal derivation, we consider the convolution integral 

y{t) * f jr( t)A(J - r)dr. 
We desire F(/ft>) T which is 



(4.50) 



(4.51) 



(4.52) 



J^ttl. 



[4.531 



Interchanging the order of integration and noting that jc(t) does not depend on f. we have 

h{t - r)e JtMt dt 



Y(jco) = x(t) 



dr. 



(454) 



By the time-shift property, eq. (4,27). the bracketed term is e WH{jw). Substituting this 
into eq, (4 54) yields 



YiM = 



x{T}e-^ T H{j^)dT - /j(» jttT-V^rfT. (4.55) 



The integral is X{jtti\ and hence. 



r(» = //(>>)*{». 



That is. 



L 



v(r) *= ft(0* x{t) 



Y{M) = H{j<#)Xttvl 



{4,5b) 



Equation (4,56) is of major importance in signal and system analysis. As expressed 
in this equation, the Fourier transform maps the con volution of two signals into the product 
of their Fourier transforms. H{jw) 1 the Fourier transform of the impulse response, is the 
frequency response as defined in eq. (3 121) and captures the change in complex amplitude 
of the Fourier transform of the input at each frequency at. For example, in frequency- 
selective filtering we may want to have HtJ<&) = 1 over one range of frequencies, so that 
the frequency components in this band experience little or no attenuation or change due to 
the system, while over another range of frequencies we may want to have H{jta) *= 0, so 
that components in this range are eliminated or significantly attenuated. 
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The frequency response H{jt&) plays an important a role in the analysis of LT1 sys- 
tems as dues its inverse transform, the unit impulse response For one thing, since kit) 
completely characterises an LTI system, then so must H(jiii). In addition, many of the 
properties of LTI sysiems Lan be conveniently interpreted in terms of Hijta). For exam- 
ple, in Section 2.3, we saw that the impulse response of the cascade of Two LTT systems 
is the convolution of the impulse responses of die individual systems and that the over- 
all impulse response does not depend on the order in which the systems are cascaded 
Using eq (4.56)* wc can rephrase this in terms of frequency responses. As illustrated in 
Figure 4.19 t since the impulse response of the cascade of two LTI systems is the con~ 
volution of the individual impulse responses, the convolution property then implies that 
the overall frequency response of the cascade of two systems is simply the product of 
the individual frequency responses. From this observation, it is then clear that the overall 
frequency response does nut depend on the order of the cascade. 



m 



H,(M 



H^ JW ) 



yd) 



to 



x(t) 



H^H^u) 



<b> 



■*- vW 



m 



HjKXu) 



Hi(|l 



(<=} 



yty Figure 4,19 Three equivalent LTI 
Systems. Here, each block represerts 
an LTI system with the indicated 
frequency response. 



As discussed in Section 4.1,2, convergence of the Fourier transform is guaranteed 
only under certain conditions, and consequently, the frequency response cannot be defined 
for every LTI system. If, however, an LTI system is stable, then h as we saw ir Section 2.3.7 
and Problem 2A% its impulse response is absolutely integrable; that is. 



\Mt)\dt < 



(4.57) 



Equation (4.57) is one of the three Dirichlet conditions that together guarantee the exis- 
tence of the Fourier transform H{jw) of h(t). Thus, assuming that hit) satisfies the other 
two conditions, as essentially all signals of physical or practical significance do T we see 
that a stable LTI system has a frequency response H{jw), 

In using Fourier analysis to study LTI systems, we will be restricting ourselves 
to systems whose impulse responses possess Fourier transforms. In order to use trans- 
form techniques to examine unstable LTI systems we will develop a generalization of 
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the continuous-time Fourier transform, the Laplace transform. We defer this discussion to 
Chapter 9, and until then we will consider the many problems and practical applications 
that we can analyze using the Fourier transform. 

4.4. 1 Examples 

To illustrate the convolution property and its applications further, let us consider several 
examples. 

Example 4.15 

Consider a continuous-time LTI system with impulse response 

ft{0 - &U - f n ). (4.5B) 

The frequency response of this system is the Fourier transform of h(t\ and is given by 

H{j*t) = e JaJ *. (4 59) 

Thus, for any input x(t) with Fourier transform X{jw\ the Fourier transform of the output 
is 

V(joi) = mj*>)X{j*») (4.60) 

= e-^Xijn). 

TOs result, in fact, is consistent with the time-shift property of Section 4.3,2, Specifi- 
cally, a system for which the impulse response is S(t — ft) applies a time shift of fij to the 
input— that is, 

Thus, the shifting property given in eq. (4.27) also yields eq, (4,60), Note that, either from 
our discussion in Section 4,3.2 or directly from eq, (4.5*)* the frequency response of a 
system that is a pure time shift has unity magnitude at all frequencies (i.e., |^"^^| = 1) 
and has a phase characteristic -coft that is a linear function of w. 

Example 4,16 

As a second example* let us examine a differentiator — that is, an LTI system for which 
the input x(t ) and the output y(t) arc related by 

From the differentiation property of Section 43,4. 

Y(jto) = jwX(jat). (4.61) 

Consequently, from cq. (4.56), it follows that the frequency response of a differentiator 
is 

H{joi) = joi. (4.62) 
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Example 4.17 

Consider an integrator — that is, anLTI system specified by the equation 

y(t) - f x(T)dT. 

The impulse response for this system is the unit step uitU and therefore, from Exam- 
ple 4.1 1 and eq. (4.33), the frequency response of the system is 

//( ja>> = J- + ir5(w). 

Then using eq. (4,56), we have 

7(» -//(/wtX(,M 

>vhicll is consistent with the ititeg.rar.ion property of eq. (4-32). 

Example 4.18 

As we discussed in Section 3 92, frequency-selective filtering is accomplished with an 
LTI system whose frequency response H(jm) passes the desired range of frequencies and 
significantly attenuates frequencies outside that range. Foi example, consider the ideal 
luwpass filler introduced in Section 3.9.2, which has the frequency repciis* illustrated in 
Figure 4,20 and given by 



*<» = 



1 |ft>| < U} c 
\ai\> cu f ' 



(4.63) 



Now that we have developed the Fourier transform representation, we know thai the 
impulse response h{t) of (his ideal tiller is [he inverse transform of eq, (4.63 }. Using the 
result in Example 4.5, we then have 



ft(0 = 



sin (oj 



(4.64) 



whkh is plotted in Figure 4,21. 



1 



^-Stopband— *j-" — Passban-d — 4* — Stopband — *■ 
Figure 4*Z0 Frequency response of an ideal lowpass filter. 
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Figure 4.2 1 Impulse response nf an ideal lowpass filler. 

From Example 4. 1 8> we can begin to see some of the issues that arise in filter design 
that involve looting in both the time and frequency domains. In particular, while the ideal 
lowpass filter does have perfect frequency selectivity, its impulse response has some char- 
acteristics that may not be desirable. First, note that h(t) is not zero for r < Consequently, 
the ideal lowpass filter is not causal, and thus, in applications requiring causal systems, 
the ideal filter is not an option. Moreover, as- we discuss in Chapter 6, even if causality 
is not an essential constraint, the ideal filter is not easy to approximate closely, and tion- 
ideal fil ters that are more easily implemented are typically preferred. Furthermore , in some 
applications (such as the automobile suspension system discussed in Section 6.7, 1 ), oscil- 
latory behavior in the impulse response of a lowpass filter may be undesirable. In such 
applications the time domain characteristics of the ideal lowpass filter, as shown in Fig- 
ure 4.21, may be unacceptable, implying that we may need to trade off frequency- domain 
characteristic s. such as ideal frequency selectivity with time-domain properties. 

For example, consider the 1X1 system with impulse response 



h[t) = c-'u(t). 



(4.65) 



The frequency response of this system is 



tf<jw> = -. 



jtit - r 



(4.66) 



Comparing eqs. (3,145) and (4.6*), we see that this system can be implemented with 
the simple RC circuit discussed in Section 3.10. The impulse response and the magnitude 
of the frequency response are shown in Figure 4.22, Wmle the system does not have the 
strong frequency selectivity of the ideal lowpass filter, it is causal and has an impulse 
response that decays monotomcaJly, i.e., without oscillations. This filter or somewhat more 
complex ones corresponding to higher order differential equations are quite frequently 
preferred to ideal filters because of their causality, ease of implementation, and flexibility 
in allowing trade-offs, among other design considerations such as frequency selectivity 
and oscillatory behavior in the time do mala Many of these issues will be discussed m 
more detail in Chapter 6. 

The convolution property is often useful in evaluating the convolution integral— i.e., 
in computing the response of LTI systems. This is illustrated in the next example. 
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ta) 




<b) 

Figure 4.22 (a) Impulse response of i\\e LTI system in eq. (4,65), 
(b) magnitude of II* frequency response of the system. 

Example 4, 19 

Consider the response of an LTt system with impulse response 

to the input signal 

Rather than computing ?(/} = j(r) * /r(r) directly, let us transform the problem into the 
frequency domain. From Example 4,1, the Fourier transforms of x(t)and hu) are 

1 






and 



Therefore, 



H(j*>) = 



a 4- )m 



H/«) = i- 



{a &■ jo*)(h +■ /(a)" 



(4.67) 



To determine the output _y(0> ^e wish to obtain the inverse transform of Y\jw). 
This \b most simply done by expanding IX/w) in a partial-fraction expansion. Such 
expansions are extremely useful in evaluating inverse transform, and 'he general 
method for performing a partial -fraction expansion is. developed in the apptndi*. For this 
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e?iample 1 assuming that b ¥^ a, the partial fraction expansion for Y{jt$) takes the form 

A B 



Y\ja>\ = 



a + jtii b + jbi ' 



(4.68) 



where A and 8 are constants to be determined. One way to find A and B is to equate the 
right-hand sides of eqs, (4.67) and (4,68), multiply both sides by (a ■+ jto)(t + jiti), and 
solve for A and B. Alternatively, in the appendix we present a more general and efficient 
method for computing the coefficients in partial -fraction expansions such as eq. (4.68) 
Using cither of these approaches, we find that 



A = 



1 



b-a 



= -B. 



and therefore h 



y<» - 



b-a [ a ■+ jui b 4 jtn J 



(4.69) 



The inverse transform for each of the two terms in eq. (4.69) can be recognized 
by inspection. Using the linearity property of Section 4.3. 1 , we have 



m = 



1 



Ar. 



b-a 



[*-"«(*>-* *'«Wl 



When b = o. the partial fraction expansion of eq. (4.69) is not valid. However, with 
b = a, eq, (4.67) becomes 



Recognizing this i& 



K(M - 



1 



1 



[a + »*' 



_____ = A. 
(a + jtoV } dm 



I 



we can use the dual of the differentiation property, as given in eq. (4.40). Thus, 

5 1 



* _,,, «W 



te mat u(t) 



a + jot 



1 



] 



and consequently, 



A. 

dut L a + 7^ J (a + yti*) 2 ' 



Example 4.20 

As another illustration of the usefulness of the convolution property, let us consider the 
problem of determining the response of an ideal lowpass filter to an input signal Jt(r) that 
has the form of a sine function. That is T 



*0) - 



sinw 



Of course, the impulse response of the idea] ]owpass filter is of a similar form, namely. 



322 



The Continuous-Time Fourier Transform Chap, 4 



h(f) = 



sinw-r 

7Tt 



The filter output y(t) will therefore be the convolution tit two sine functions, which, as wc 
nuw show, also turns out to be a sine function, A particularly cunvcn^enl way of deriving 
this re&ult is to first observe that 



where 



and 



Therefore. 



Y(j«t) = X(jw)fi(ja>l 



elsewhere 



W» - 



n>0 - 



] \tA>\ ^ Of, 

'J elsewhere 



elsewhere 



where wu is the smaller of ihe two numbered, andw,. Finally, the inverse Fourier trans- 
form of Y(jtv) is given by 



yU) = { 



SMI iO J 
ITt 



if to, ^ {&<■ 



That is, depending upon which of w ; and &, is smaller, the output is equal tu either t{t) 
or h(t). 



4.5 THE MULTIPLICATION PROPERTY 



The convolution property states that convolution in the lime domain corresponds to mul- 
tiplication in the frequency domain. Because of duality between the time and frequency 
domains, we would expect a dual property also to hold (i.e., that multiplication in the time 
domain corresponds to convolution in the frequency domain). Specifically, 






(4.70) 



This can be shown by exploiting duality as discussed in Section 4.3,6, together with the 
convolution property, ot b\ directly using the Fourier transform relations in a. manner anal- 
ogous to the procedure used in deriving the convolution property. 

Multiplication of one signal by another can be thought of as using one signal to scale 
or modulate the amplitude of the other, and consequently, the multiplication of two sig- 
nals is. often referred to as amplitude modulation. For this reason, eq. (4.70) is sometimes 
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referred to as the modulation property, Ab we shall see in Chapters 7 and 8, this property 
has several very important applications. To illustrate eq. (4,70) T and to suggest one of the 
applications that we will discuss in subsequent chapters, let us consider several exarnples. 

Example 4.21 

Let s[t) be a signal whcv# spectrum £(/<") is depicted in Figure 4 23(a) A!sr>, consider 
the signal 



p(t} = CGStiiQt 



Then 



f{jto) = irflOu — Wo) + ir8(<u + tun). 
as sketched in Figure 4. 23(b), and the specinjm R(jw) of r{ t) = s{t)p{i) is obtained by 



Sfouj 




— 1£-\ t*! 



P(M 



■Uq 



<M 



tUp Lli 




f*(M - ^ ES(i™) ■ p«»>] 



A/2-- 




(-UO-QI,) (-(Lig+^J 



to 






Figure 4.Z3 Use of the multiplication property in Example 4 21. [a) the 
Fourier transform o* a signal 5(f); (b) the Fourier transform of p{f\ = cosc^f; 
(c) the Fourier transform of r(t) = s{t)p{t). 
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an application ofeq. (4,70), yielding 

1 



* ^S(/(w --w D »- -5(;( w +^ U )) F 



(4.71) 



which is sketched in Figure 4,23(01 Here we have assumed that oio > w\. so that the 
two nonzero portions of R(jca) da not overlap. Clearly, th& spectrum of rU) consists of 
the sum of two shifted and scaled versions of Sijah 

From eq. f4,71) and from Figure 423 T we tec that all of the information in the 
signal s(i) is pre^rved when we multiply ihis signal by a sinusoidal signal although the 
information has been shifted to higher frequencies. This fact forms the basis for sinu- 
soidal amplitude modulation systems for communications. Lnihe next example, we leam 
how we can recover the original signal slti from the amplitude-modulated signal r|f). 

Example 4.22 

Let us now consider r{i) as obtained in Ex ample 4.23 F and let 

where, again, p(t) = tosw,^. Then;. R{jio), Pijoi), and G(jut) are a.s shewn in 
Figure 4,24. 

From Figure 4.24(c) and the linearity of the Fourier transform, we see that g(t) 
is the sum of ( l/2)s(r) and a signal with a spectrum that is nonzero only at higher frequen - 



yx 



F(ju) 



- A/2 



^X 



"1^0 



(a) 



lllg 



P(l<o) 



lb) 



A/4 



"2^0 




Figure 4.2* Spectra of signals considered in Example 4.22: {*) fl(M, 
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cies (centered around ±2&{i). Suppose then that we apply the signal jff r) as the input to 
a frequency- selective tawpasu filter \tt\h frequency response H{jb*) that is constant at 
low frequencies (hay, for |oi| < mi) and zero at high frequencies (for \ta\ > o*j). Then 
the output of this system will have as il& fcpectmm H{j&)G(ji») » which, because of the 
particular choice of H(jut), will be a scaled replica of S(jat). Therefore, the output itself 
will be a scaled version cf j(f). In Chapter &, we expand significantly on. this idea as we 
develop in detail the fundamentals of amplilude modulation. 

Example 4. 23 

Another ill miration of tht usefulness of the Fourier transform multiplication properly is 
provided by the problem of determining the Fourier transform of the signal 

sin(0 &in(i/2) 

X\i) — —r L 

TTt 2 

The key here is to recognize x{i) as the product ofi^o sitic functions. 
Applying the multiplication property of the Fourier transform, we obtain 

Noting that ihe Fourier transform of each sine function is a rectangular pulse, we can 
proceed to convolve those pulses to obtain the function Xtjto) displayed in Figure 4.25. 

1/2 



^ 



_ 9 _1 



^w 



i a 



2 2 2 2 

Figure 4,25 The Fourier transform Of x(t) in Example 4 23. 

4.5. T Frequency-Selective Filtering with Variable Center Frequency 

As suggested itiExamples 421 and 4.22 and developed more fully in Chapter S 5 one of the 
important applications of the multiplication property is amplitude modulation in commu- 
nication systems. Another important application is in the implementation of frequency- 
selective bandpass filters with tunable center frequencies that can be adjusted by the 
simple turn of a dial. In a frequency-selective bandpass niter built with elements such 
as resistors, operational amplifiers, and capacitors, the center frequency depends on a 
number of element values, all of which must be varied simultaneously in the correct way 
if the center frequency is to be adjusted directly. This is generally difficult and cumber- 
some in comparison with building a filter whose characteristics are fixed. An alternative 
to directly varying the filter churacterislics is to use a fixed frequency-selective filter an^ 
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shift the spectrum of the signal appropriately using the principles of sinusoidal amplitude 
modulation. 

For example, consider the system shown in Figure 4.26. Here, an input signal 
x(t) is multiplied by the complex exponential signal e'" WfF . The resulting signal is then 
passed through a iowpass filter with cutoff frequency w„. and the output is multiplied by 
e~i** ei . The spectra of the signals x{i) t y(i) m w{t)> and /(r) are illustrated in Figure 4 r 27. 



K(t> 



K0 C 1 



<H> 



y(D 



Ideal lowp&ss 
filter 



1 



-^ 



u> w 



W (t) 



jtmi^i 



<?> 



■*-f(T) 



Figure 4,26 Implementation of a tondpass filter usinc amplitude modula- 
tion with a complex experiential carrier 



*IH 




Frequency response of , 
ideal Iowpass filter 




-Utfl u^ w c 



W(jw) 



/H 
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-A 



(— W c - Wq} [-tal c 4 44Q ) 



Figure 4.27 Spectra of the signals 

Jfl ttie system of Figure 4.26. 
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Specifically, from either the multiplication property or the frequency-shifting property it 
foltows that the Fourier transform of >(r) = e^'xit) is 

Y{ju>) = fifiw - &<.) * X{j**>) = X(j(<a - tx>jr)) t 

so that Y(jw) equals X(Jw) shifted to the righc by ai r and frequencies in X{ja>) near 
w = oi c have been shifted into the passband of the lowpass fihtJ. Similarly, the Fourier 
transform of / 1 r) = e^'wit} is 

Fiji*) = W(j< M + tu )). 

so that the Fourier transform of W( jt>) is F{ jw) shifted to the left by w t , From Figure 4.27 1 
we observe that the overall system of Figure 4,26 is equivalent to an ideal bandpass fil- 
ter with center frequency -av and bandwidth 2wy, as illustrated in Figure 4.28. As the 
frequency <i><_ of the eomplex exponential oscillator is varied, the center frequency of the 
bandpass filter varies. 



-2<n D - 



H(jm) 



'-1 



Figure 4,26 Batuspass fitter equiva- 
lent of figure 4.26 



In the system of Figure 4.26 with x{t) real T the signals y(r), w(f), and /(r) are all 
complex. If we retain only the real part of /(*% the resulting spectrum is that shown in 
Figure 4.29, and the equivalent bandpass filter passes bands of frequencies centered 
around bi c and - ta t , as indicated in Figure 4.30, Under certain conditions, it is also possi- 
ble to use sinusoidal rather than complex exponential modulation to implement the system 
of the latter figure. This is explored further in Problem 4.46, 



z$X¥^ 



L-2utfl-J 






Figure 4,29 Spectrum of <H*{/(f)} 
associated witn Figure 4.26. 



Hifr>) 





1 






1 
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, 











Figure 4.30 Equivalent bandpass 
filter for <R*{f{t)} in Figure 4. £9. 



328 



The Continuous-Time Fourier Transform Chap, 4 



4.6 TABLES OF FOURIER PROPERTIES AND OF BASIC FOURJER TRANSFORM PAIRS 

In the preceding sections and in the problems at the end of the chapter, we have consid- 
ered some of the important properties of the Fourier transform. These are summarized in 
Table 4.1, in which we have also indicated the section of this chapter In which each prop- 
erty has been discussed. 

In Table 4.2, we have assembled a List of many of the basic and important Fourier 
transform pairs. We will encounter many of these repeatedly as we apply the tools of 

TABLE 4.1 PROPERTIES OF THE FOURIER TRANSFORM 



Section 


Property 


Aperiodic signal 


Fourier transform 






Mt) 




Xtjw) 






Mr) 


- - - — - 


VU**) 


4 3 1 


LineanLy 


axil) + byif) 


aXijw) » bXijw} 


4.3.2 


Time Shifting 


-tft J HI > 




<!- Ja ""X[j&) 


4 3.& 


Frequency Shifting 


e™''x(t) 




X{j{t!> ~ ilt )\ 


43 3 


Conjugation 


x\t) 




X'i-jt*) 


4.3.5 


Time Reversal 


M-i) 




Xi-jto) 


4.3.5 


Time and Frequency 
Scaling 


Mat) 






4.4 


Convolution 


Mr)* yd) 




XUumjat) 


4.5 


Multiplication 


jtfOyfr) 






434 


Differentiation in Time 


Tt™ 




jtnX{ jot} 


4.3.4 


Integration 


[ x{t)dt 




- X{jw) + wX{Q)&tai) 
jut 

■ 


4.3.6 


Different Laui.m in 


txti) 




,--*,*> 




Frequency 
















X(jv) = X*t—jto) 












<R*tX()u)} = &e\X{ -ju)} 


4.3J 


Conjugate Symmetry 


jr(r) real 




i 3m{X{ja)} ^ -6r*{X{- jot)} 




fur Real Signal 








iJftjw)! = X[-jw)\ 

■?-X{jte) = - *.X{-JtAi} 


*.3.3 


Symmetry fur Real and 

Even Signals 


*(r)reaJ and even 




X{jtt>) teal and even 


4.3.3 


Symmetry for Real and 
Odd SigOAh 


*{/}reat and odd 




Xijtn) purely imaginary an J odd 


4.3.3 


Even-Odd Decompo- 


xAD = Si-W/)} 


Unreal] 


<Re{XU<*)} 




iHion for Real Sig- 


*At) = QdUO} 


[*(/) reall 


j$m{X{t*ift 




nals. 









4,5.7 



Par&cv&l'i Relation for Aperiodic Signals 

| \xti)\ 2 dt^ ^| f \X(jo } \ 2 du 
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TABLE 4.2 


BASIC FOURIER TRANSFORM PAIRS 








Signal 


Fourier transform 




Fowler series coefflcieats 
(if periodic) 




fah[,l 




4* 


ik 




e ?<L<\' 






2irfi{& - wij> 


di = 1 
^t =0, 


otherwise 


COS diot 






■$■[&(&* - W ( i) +&{W + WtilJ 


^* = a 


_ i 
otherwise 


iUltegl 






— [5 (t& - ai<\) — 3{at + aty)] 


»\ = - 


3 ' = 57 
otherwise 


x{t) = 1 






2fr5(u) 


/this ]i the ffluncr series representation far^ 
lany choice of 7 1 > / 



Periodic square wave 

U lfl<7\ 

\K > I ^ Kl -* y _2_y 1 "V w ~~ ™>o) sinc 



sir JathrTt 



*ir 



2 $(' - *T) 


T ,?.«(- 


27Tft\ 

T } 


Ji = 


Y For all k 




x(i) 


0, r| > T, 


at 




— 






■rr 


*>> = { £ 


\u*\ > IV 


— 






Bit) 


J 




— 






mrt 






— 






3(f - («> 


^-y»"ti 




— 






*-"«(*?,£&*{«} >0 


I 




— 






jf ~ rf i/(r), (A«(0} >0 


1 




— 






(a + /»>* 




£^-'»w. 


i 




— 






m*{c 


il>0 


(a + j<itY 
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Fourier analysis; in our examination of signals and systems. AH of the transform pairs, 
except for the last one in the table, have been considered in examples in the preceding 
sections. The last pair is considered in Problem 4,40. In addition, note that several of 
the signals in Table 4.2 are periodic, and far these wt have also listed the corresponding 
Fourier series coefficient 

4.7 SYSTEMS CHARACTERIZED BY LINEAR CONSTANT-COEFFICIENT 
DIFFERENTIAL EQUATIONS 

As we have discussed on several occasions, a particularly important and useful class 
of continuous-time LTI systems is those for which the input and output satisfy a linear 
constant-coefficient differential equation of the form 

k--0 Ul * = o "' 

In this section, we consider the question of determining the frequency response of such an 
LTI system. Throughout the discussion we will always assume that the system is stable, 
so that ita frequency response exists. 

There are twj closely related ways in whieh to determine the frequency response 
Hijbi) for an LTI system described by the differential equation (4.72), The firat of these^ 
which relies on the fad that complex exponential .signals are eigen functions of LTT 
systems, was used in Section 3.10 in our analysis of several simple, nonideal filters. 
Specifically* if x{t) - e Jvt \ then the output must be y(/> = //(y^W"'. Substituting these 
expressions into the differential equation (4.72) and performing some algebra, wc can 
then solve for fi(jo)), In this section we use an alternative approach to arrive at the same 
answer, making use of the differentiation property, eq. (4.31), of Fourier transforms. 

Consider an LTT system characterized by eq. (4.72). From the convolution property, 

orequivalently, 

*,«) = M (4.73! 

where X(ja>\ Y(jtii), and H(j<o) are the Fourier transforms of the input *(r), output y(t) t 
and impulse response h{t), respectively. Next, consider applying the Fourier transform to 
both sides of eq. (4.72) to obtain 





= *2>m 



From the linearity property, eq. (4,26), this becomes 



k o 



dt k 




d K x\t) 
dt* 



(4,75) 
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and from th£ differentiation property, eq. (4,30, 



w 



ft-0 *=f> 



ur equivalency, 



U» 



jV 1 




M 


^ u*U&>)* 


= X(» 


V b k \ju>) k 


**-0 J 




k 



Thus, from eq (4.73), 



W(» - 



y<^) £r-oM>» A 



*(» 



v .v 



It .o^Uwr 



(4_76) 



Observe that H(jtjj) is thus a rational function; that i& n is a ratio of polynomials 
in \jui). The coefficients of the numerator polynomial are the same coefficients as those 
that appear on the right-band side of eq. (4.72), and the coefficients of the denominator 
polynomial are the same coefficients as appear on the left &ide of eq. (4.72). Hence, the 
frequency response given in eq. (4.76,1 for the LTl system characterized by eq. (4.72) can 
be written down directly by inspection 

The differential equation (4.72) is commonly referred to as an Mh-order differen- 
tial equation, as the equation involves derivatives of the output y{t) up through the Nxh 
derivative. Also, the denominator of H(jto) in eq. (4,76) is an Mil-order polynomial in 

Example 4.24 

Cvnsider a stable LTl system characteri?*d by the differential equation 



with a > 0. From eq. <4.76), the frequency response is 



H77) 



(4.78) 



Comparing this with the result of Example 4,1, we see that eq. (478) i^ the Fftuner 
transform oft ~ M u{l). The impulse response of the system is then recognized as 

Example 4.25 

Consider a stable LTl system that is characterized by the differential equation 
JK +. 4^r^- + 3vlf) = — r-i + 2x{t\. 



dfi 



dt 



dt 
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From eq. (4.76),. the Frequency response is 

«<*.> - ,. ^. + ' - (*.«> 

{juV + 4'ja*) + 3 

To determine the corresponding impulse response, we require the inverse Fourier trans- 
form of H{jt*f) This can he found using the technique of partial-fraction expansion em- 
ployed in Example 4.19 and discussed m detail in the appendix. (In particular, see- Ex- 
ample A.I, in which the details of the calculations for the partial-fraction expansion of 
eq. (4.79) are worked out,) As a first step, we factor the denominator of the right-hand 
side of eq, (4-790 into a product of lower order terms: 

(/to + !)(/« + 3) 
Then, using tbe method of partial -fraction expansion, we find that 



HU<") = t 



Joj -\- I jut 4- 3 ' 

The inverse transform ot each term can be recogiuz^ from Example 4.24 h with the result 
that 

*(f) =\e '«<*) + Je- 3 'n[0- 

The procedure used in Example 4,25 to obtain the inverse Fourier transform is gen- 
erally useful in inverting transforms that are ratios of polynomials in jw. In particular, 
we can use eq. (4.76) to determine the frequency response of any LTI system described 
by a linear constant -coefficient differential equation and then can calculate the impulse 
response by performing a partial -Fraction expansion that puts the frequency response into 
a form in which the inverse transform of each term can be recognized by inspection. In 
addition, if the Fourier transform X(jtu) of the input to such a system is also a ratio of 
polynomials in /&>, then so is Y(jto) — H{jb>)X(jw). In this case we can use the same 
technique to solve the differential equation — that is, to find the response y{t) to the input 
xU), This is illustrated in the next example. 

Example 4.26 

Consider tbe system of Example 4.25, and suppose that the input is. 

x(t) = e 'u(j). 
Then, using eq. (4.SO) t we have 

Y{jw) = //(/»)X(/w) = f- J< *J? f - A \ — -- 

J J J lO^ + 1)0*u + 3)JIj<u + 

/u +2 



(>+■ l) 2 (/w +3)" 



(4.81) 
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As discussed in the appendix, in this case the partial-fraction expansion takes the form 

wheiCi4||, /!]■>, and A iX are constants to he determined. In Example: A.2 in the appendix, 
the technique of partial-f faction expansion is used to determine these constants. The 
valuer* obtained are 

A 1 A [ A J 



so that 



I I i 

4 d 2 ._ 3 



Jto + 1 (jto + I) 2 J<n + 3 

Again, the inverse Fourier transform for each term in eq. (4.83} can be obtained by in- 
spection. The first and third terms are of the same type that we have encountered m the 
preceding two examples, while the inverse transform of the second term can be obtained 
from Tablt 4.2 or, as was doneln Esimple 4,19, by applying the dual of the differenti- 
ation property, ar> given in eq. (4,40), to 1/{j<u + 1). The inverse transform of eq. (4.83) 
is then found to be 



Xr>- 



i'-' + ^-'-J'^W 



From the preceding examples, we see how the techniques of Fourier analysis allow 
us to reduce problems concerning LT1 systems characterized by differential equations to 
straightforward algebraic problems. This important fact is illustrated further in a number 
of the problems at the end of the chapter. In addition {see Chapter 6) t the algebraic structure 
of the rational transforms encountered in dealing with LIT systems described by differen- 
tial equations greatly facilitate the analysis of their frequency-domain properties and the 
development of insights into both the time-domain and frequency-domain characteristics 
of this important class of systems. 



4.8 SUMMARY 



In this chapter, we have developed the Fourier transform representation for continous-ame 
signals and have examined many of the properties that make this transform so useful. In 
particular- by viewing an aperiodic signal as the limit <rf a periodic signal as the period 
becomes arbitrarily Large* we derived the Fourier transform representation for aperiodic 
signals from the Fourier series representation for periodic signals developed in Chapter 3. 
Tn addition, periodic signals themselves can be represented using Fourier transforms con- 
sisting of trains of impulses located at the harmonic frequencies of the periodic signal and 
with areas proportional to- the correspoDding Fourier series coefficients. 

The Fourier transform possesses a wide variety of important properties that de- 
scribe how different characteristics of signals are reflected in their transforms, and in 
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this chapter we have derived and examined many of these properties. Among them are 
two that have particular significance for our study of signals and systems. The first is the 
convolution property which is a direct consequence of ihe eLgenfunciion property of com- 
plex exponential signals and which leads to the description of an LTI system in terms 
of its frequency response. This description plays a fundamental role in the frequency- 
domain approach to the analysis of LTI systems, which we will continue to explore in 
subsequent chapters. The second property of the Fourier transform that has extremely 
important implications is the multiplication property, which provides the basis for the 
frequency-domain analysis of sampling and modulation systems. We examine these sys- 
tems further in Chapters 7 and S 

We have also seen that the tools of Fourier analysis are particularly well suited to 
the examination of LTT systems characterized by linear constant-coefficient differential 
equations. Specifically, we have found that the frequency response for such a system can 
be determined by inspection and that the technique of partial- fraction expansion can then 
be used to facilitate the calculation of the impulse response of the system. In subsequent 
chapters, we will find that the convenient algebraic structure of the frequency responses 
of these systems allows us to gain considerable insight into their characteristics in both the 
time and frequency domains. 



Chapter 4 Problems 



The first section of problems belongs to the basic category and the answers are pro- 
vided in the back of the book. The remaining three sections contain problems belonging 
to the basic, advanced, and extension categories* respectively. 



BASIC PROBLEMS WITH ANSWERS 



4.1, Use the Fourier transform analysis equation (4.9) to calculate the Fourier transforms 
of: 

(a) €- 2U ~ u u{t- 1) (b) c - 2 l'- f i 

Sketch and label the magnitude of each Fourier transform. 

4.2, Use the Fourier transform analysis equation (4.9) to calculate the Fourier transforms 
of: 

fa) 6(t + 1) + fi(f - I) (b) J{«(»2 - i) + uij - 2}} 
Sketch and label the magnitude of each Fourier transform. 

4.3, Determine the Fourier transform of each of the following periodic signals: 
(a) sin(2irt + f ) (b) 1 + cos<6n7 +■ f ) 

4.4 + Use the Fourier transform synthesis equation (4,8) to determine the inverse Fourier 
transforms of: 
(a) Xi(yw) = 2n &(a>) + ir 8{& - 4tt) + tt S(w + 4ir) 
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f 2, ^ w ^ 2 
(b> X ; ( jw> = I -% -2 ^ w < 
I 0, |w| > 2 

4.5, Use the Fourier transform .synthesis equation (4.8) to determine the inverse Fourier 
transform of X(jot) - \X(Jtt>)\e J * x<J "K where 

[Jf(yw)J = 2{u(&> + 3) - u{u) - 3)}, 

3 
<X(jta) = --w 4- 7T. 

Use your answer to determine the values of r for which jr(f) = Or 

4.6. Given that x(t) has the Fourier transform X(jbi), express the Fourier transforms of 
the signals listed below in terms of X{Jto }. You may find useful the Fourier tiansforrr 
properties listed in Table 4.1- 

(a) JtKrj = j((l-f>+ jc<— 1 — 

(b) x 2 (t) - x[3t - 6) 

(c) x m - £**-!) 

4*7. For each of the following Fourier transforms, use Fourier transform properties (Table 
4. 1) to determine whether the corresponding time-domain signal is (i) real, imaginary, 
or neither and (ii) even, odd, or neither. Do this without evaluating the inverse of any 
of the given transforms. 

(a) Jfi(j<u) = u{&) - ufa - 2) 

(b) X 2 (M) =cos(2w)siri(f) 

(c) X z {jto> * Mta)e }BW \ where AM = (sin2to)/aj and fl(&>) = 2w + ^ 
(d)JT(AO -£;__.(£)« 5fri-^) 

4A Consider the signal 

1. f>J 

(*) Use the differentiation and integration properties in Table 4 J and the Fourier 
transform pair for the rectangular pulse in Table 4.2 to find a closed-form ex- 
pression for X(jhi). 

(b) What is the Fourier transform of g(t) - x{t) - |? 

4 A Consider the signal 

* w l(f + iyi -i =s * ss r 

(a) With the help of Tables 4. 1 and 4.2, determine the closed-form expression for 

X(M)- 

(b) Take the real part of your answer to part (a), and verify that it is the Fourier 
transform of the even part of x(t), 

(c) What is the Fourier transform of the odd part of x(t)l 
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4,10, (a) Use Tables 4. 1 and 4.2 to help determine the Fourier transform of the following 
signal: 

/sinf* 

x(t) - \-^ 

(b) Use Parseval's relation and the result of the previous part to determine the nu- 
merical value of 

4=1 rf— Ur 



4*11, Given the relationships 



and 



f +w ,/sinfV 1 

■L r b 



y{i) = x(t)*h(n 



g(t) = jc(3r)*A(30, 



and given that jc(/) has Fourier transform X{jut) and h(t) has Fourier transform 
H(jat\ use Fourier transform properties to show that g(t) has the form 

g{0 = Ay(Bt). 

Determine the values of A and £, 
4.12. Consider the Fourier transform pair 



1 + cu- 



(a) Use the appropriate Fourier transform properties to find the Fourier transform 

(b) Use the result from part (a), along with the duality property, to determine the 
Fourier transform of 

4f 



(1+/ 2 ) 2 " 

Hint; See Example 4,13, 
4*13* Let x(t) be a signal whose Fourier transform is 

and let 

(a) Is x(;) peno<lic7 

(b) Is *(f) * AC/) periodic? 

(c) Can the convolution of two aperiodic signals be periodic? 
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4.14, Consider a signal x(Q with Fourier transform X(Jot). Suppose we are given the 
following facts: 

1 . x{t) is real and nonnegative 

2. ^"'((l +- jw)X (;<<>)} = Ae~ 2t u{t\ where A is independent of t. 

Decermine a closed-form expression for x(t ). 

4.15, Let x(l) be a signal with Fourier transform X(jto). Suppose we are given the fol- 
lowing facts: 

1. x(t) ts real. 

2. x{t) = Ofor/ <= 0. 

Determine a closed-form expression for Mt). 

4.16, Consider the signal 

" sin(JtJ ) „ tc 



(a) Determine^) such thai 



«o=|^W* 



{b> Use (he multiplication property of the Fourier transform to argue that X(jw) is 
periodic. Specify X{jw) ° v ^ r one period. 

4.17, Determine whether each of the following statements is true or false. Justify your 
answers, 

(a) An odd and imaginary signal always has an odd and imaginary Fourier trans- 
form. 

(b) The convolution of an odd Fourier transform with an even Fourier transform is 
always odd. 

4.18. Find the impulse response of a system with the frequency response 

(sin-(3*u))cosw 



mj<*) = 



t** 



4.19, Consider a causal LTI system with frequency response 

jiKl +■ i 

For a particular input x{t) this system is observed to produce the output 

y(_t) - e~ 3l u{t) - equity 

Determine x{i). 

4,2d, Find the impulse response af the causal LTI system represented by the RLC circuit 
considered in Problem 3.20. Do this by taking the inverse Fourier transform of the 
circuit's frequency response. You may use Tables 4,1 and 4.2 to help evaluate the 
inverse Fourier transform. 
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BASIC PROBLEMS 



421. Compute the Fourier transform of each of the following signals: 
(a) [e ~ at cos& t]u(t\ a > 

1 + COS TTl t \t\ == 1 



(e> *{t) - 



0, 



M>1 



<e> lr«r J( sin4/]u(r) 






wj II »r<f-l> J 

(g) *(r) as shown in Figure P4:2 1(a) (h) jr(r) as shown in Figure P4,2 1(b) 
0, otherwise 



(i) E;:_«*- |i - 2B| 



x(t> 



-2 -1 



^L -J \\ t\ \ m 1 1 1 1 1 1 



1 2 t -6-5-4-3-2-10 1 2 3 4 5 6 t e t 

h-1 



(a) 



(b) 



Figure P4.2] 

4*22. Determine the continuous-tinte signal corresponding to each of the following 
transforms. 



-1 



|x 



1 




1 a, 



(a) 



<XQb*J 




-3« 



(H 



-3 -2 -1 



K:: 



va 



1 2 3 <u 



<M 



Figure P4.22 
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(a) X(jv) = 2 -^^ 

(b) X(joi) - cos(4a> + ir/3) 

(c) X(>>) as given by the magnitude and phase plot* or Figure P4 .22(a) 

(d) Jt(jw) = 2[&(v - 1 1 - 8(a> + 1)1 + 3[6(fti - 2ir) + 6^ + 2ir)] 
<e) J£Ow) as in Figure P4 r 22(b) 



4.23. Consider the signal 



*o(/i 






=£ f ^ 1 
elsewhere 



Determine the Fourier transform of each of the signals shown in Figure P4.23. You 
should be able to do this by explicitly evaluating only the transform of xa(t) and 
then using properties of the Fourier transform. 



*o(-t> *tfW 



-1 O 1 



(3) 



*2ffl 



-1 



-*fl(-t) 



^ 






\ t 



(b) 



Kott +1> 




xitfi 



tJtoOJ 








Figure P4.23 



4*24* (a) Determine which, if any, of the real signals depicted in Figure F4.24 have 
Fourier transforms that satisfy each of the following conditions; 

(1) <JW{Jf(j«)} = 

(2) 4m[Xijo>» = 

(3) There exists a real a such that eJ ai »Xijai) is real . 

(5) J _*, wJfO'w)rfw =* 

(6) X(jw) is periodic 

(b) Construct a signal that has properties (1), (4), and (5) and does not have the 
others. 
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Figure P4.24 
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4.25. Let X(Jd) denote the Fourier transform of the signal x{t) depicted in Figure P425. 

(a) Find <X(jw). 

(b) FindXiJGV 

(c) Find i^XU<*)dta> 

(d) Evaluate J_^ X{ja>}£222 e'** dw. 

<e> Evaluate \^\X(jw)\ 2 dot. 

(f) Sketch the inverse Fourier transform of (R*{X(/^)}. 
Note: You should perform all these calculations without explicitly evaluating Xiju>). 



*(») 



vn 



-i o 1 



t Figure P4.2S 



4,26. <a) Compute the convolution of each of the following pairs of signals *ff) and /)(/) 
by calculating Xijta) and H(j4>), using the convolution property, and inverse 
transforming. 

(i) xU) = tr^'uUX h(t) = e'^'uU) 
(ii> x(t) = re~ 2l u{t\ h(t) = te~ A! u{t) 
(iii) x{t) = r'«(/) t ft(0 = e'u(-t) 
(b) Suppose that x(!) = e~ { '~ 2 u(f- 2) and h(t) is as depicted in Figure P4 26 Ver- 
ify the convolution property for this pair of signals by showing that the Fourier 
transform of _y(j) = jr(f) * h{t) equals H{jo>}X(ju>). 



hffl 



-1 



3 1 Figure P4.26 



4.27* Consider the signals 



and 



X(t) = u(t - 1) - 2n(f - 2) + uff - 3} 






342 



Tho Continuous-Time Fourier Transform Chap .A 



where T > 0, l-et a* denote the Fourier series coefficients of x{t\ and let X(jar\ 

denote the Fourier transform of xij), 

(■) Determine a closed-form expression for X(jta). 

(b) Determine an expressionfor the Fourier coefficients at and verify that a* = 

4.28* (») Let jc(f) have the Fourier transform X(./a>), and let p(f> be periodic with funda- 
mental frequency oj„ and Fourier series representation 



p{f) = y, a > 



tjwtf 



Determine an expression for the Fourier transform of 

y(t) = JtO)p(t). 



(P4.2S-1; 



(b) Suppose that X(jat) is as depicted in Figure P4 .28(a). Sketch the spectrum of 
y(t) in eq. (P4.28-1) for each of the following choices of pity, 
(i) p(t) = cos(t/2) 
(il) /?(*) = co$f 
(iii> p<0 = cos2i 
(iv) pit} = (sin 0( sin 20 
(v) p(r) = cos It - cos t 

(vil> p(0*S;«5(/-2flrn) 
(Viii) /KO = £;r_ w «(*-4irn> 

<ix) ko = z;r .« w - 2tt«) - 1 s;r_, s<* - ^ 

(x) p(i) = the periodic square wave shown in Figure P4 J 28(b). 



X(M 



A 



1 1 & 

fal 



pW 



-3ir -2-n 



IT * 



2fr 



4tt 



5it 



(b) 
Figure P4.2S 
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4.29* A real-valued continuous-time function \{t) has a Fourier transform Xtjtti) whose 
magnitude and phase are as illustrated in Figure P4.29(a), 

The functions x^O), ^(r), x c (t), and Xrf(t) have Fourier transforms whose 
magnitudes are identical to X{jti>\ but whose phase functions differ, as shown in 
Figures P4.29(fo)-{e). The phase functions <XJjto) and <Xhijat) are formed by 
adding a linear phase to ^X{jw). The function -&XAju>) is foimed by reflecting 
<X (jw) about a> = 0, and <Xj{jw) is obtained by a combination of a reflection 
and an addition of a linear phase. Using the properties of Fourier transforms, deter- 
mine the expressions for * a (fX JtfrCO* *At\ and x^it) in terms of %{t). 



ww, 




■*X M 




w 







Slope - -a 



Figure P4.29 
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Ttf2 




Slope =b 







— ir/2 



{dj 





<x 


d (jw) ^ _ ^-*^+. 






Tl/2 


/*^ --^ s 


lope 


__^-^ 


" J ^"" J 




Jj 






-ir/2 





fe] 



figure P4.29 Continued 



4,30, Suppose #(/) = jc{7)cqs t and the Fourier transform of the g(t) is 



Q f otherwise 



(a> Determine x(t). 

(b) Specify the Fourier transform Xt ( }<*> ) of a signal * i (r ) such that 



jKO - * L (/)o>s|-f 
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4.31. (a) Show that the three LTI systems with impulse responses 

h 2 {t) = -25(0 + ^e~ 2 'u{t\ 
and 

Ai<0 = 2ie~'u(i) 

all have the same response to jc(f) = cosf, 
(b> Find the impulse response of another LTI system with the same response lo 

cos J. 
This problem illustrates the fact that the response to cos* r cannot be used to 
specify an LTI system uniquely. 

4.32, Consider an LTI system S with impulse response 

,,, sin{4«-l» 

Determine the output of $ for each of the following inputs: 
(a) xM = cos(6f4 f) 

( c, xjd) = ^™ 
( d ) * 4 (f) = (^ 

4.33. The input and the output of a causal LTI system are related by the differential equa- 
tion 

d 2 y(t) dytt) 

(a) Find the impulse response of this system, 

(b) What is the response of this system if x(i) = te~ 2 'w(r)? 

<c) Repeat part (a) for the causal LTI system described by the equation 

^dP~ + j2 ~dT + m = 2 ^t*r ~ **> 

4.34, A causal and stable LTI system S has the frequency response 

H{j*>) = 2.l"0"" - 

6 - di l + 5jfc> 



346 The Continuous-Time Fourier Transform Chap. A 

(a) Determine, a differential equation relating the input x{f) and output y(i) of S. 
(b\ Determine the impulse response h{t) of S. 
(c) What is the output of S when the input is 

x{t) = e~ 4t u(t) - te 4r w(f)? 

4.35. In this problem, we provide examples of the effects of nonlinear changes in phase . 

(a) Consider the continuous-time LT[ system with frequency response 

where a > 0. What is the magnitude of H{j&y! What is <H{j<jj)1 What is the 
impulse response of this system? 

(b) Determine the output of the system of part (a) with a = 1 when the input i& 

cos(f/V3> + cos t + cos Jit, 

Roughly sketch both the input and the output. 
436- Consider an LTF system whose response to the input 

x(0 = [e-' + e 3l ]u(t) 

is 

y(t) = [2e l -2e At Mt). 

(a) Find the frequency response of this system. 

(b) Determine the system's impulse response, 

(c) Find the differential equation relating the- input and the output of this system, 

ADVANCED PROBLEMS 

437* Consider the signal x{t) in Figure P4.37. 

(a) FindtheFouriertran$formX(;w>of x(iY 

(b) Sketch the signal 



(c) Find another signal git) such that g{t) is not the same as x(t) and 



*=■-: 
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(d) Argue that, although G(j«) is different from X{j*>),G{j^) = X(>^)forall 
integers J\ You should not explicitly evaluate G(j<&) to answer this question. 



*(fl 




-i 



+ i 



Figure P4.37 



438, Let jrff) be any signal with Fourier transform X{j&). The frequency-shift property 
of the Fourier transform may be stated as 



(a) Prove the frequency-shift property by applying the frequency shift to the anal- 
ysis equation 



JfO'w) = f xU)e-^dL 



(b) Prove the frequency- shift property by utilizing the Fourier transform of e^*^ in 
conjunction wiih the multiplication property of the Fourier transform. 

4.39* Suppose that a signal A(f}has Fourier transform Jf(y^) r Now consider another signal 
g(t) whose shape i& the same as the shape of X(jto); that is, 

(a) Show that the Fouriei transform G{jtu) of g(t) has the same shape as 2ttx( — f); 
that is, show that 

G(jtii) = 27rjr(-(ti), 

(b) Using the fact that 

${&(t + *)} * «J*" 
in conjunction with the result from part (a), show that 

4.40. Use properties of the Fourier transform to show by induction that the Fourier trans- 
form of 



<«-!)! 



e~" r w(r) P a >0, 
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is 

1 



(a + jta)* 1 



4.4L In thi s problem, we deri ve the multiplication property of the continuous-time Fourier 
transform. Let x(t) and y(t) be twu continuous-time signals with Fourier transforms 
X(jo>) and Y{j<&\ respectively. Also, let g(t) denote the inverse Fourier transform 

(a) Show that 



aiO - ^- I x<m 



^ J Y(J{w-8W<da> 



dO. 



(b) Show that 



^ | K(/<w - W"'A* = e j0t ytt). 



(c) Combine the results of parti (a) and (b) to conclude that 

£(/) - *(r)y(r), 

4.42, Lee 

*i(/) = {[cos(w /)]j:(0}*Mf> and g 2 (t) = {[sin{to t} t)]x(t)} * h<t\ 
where 

k= * 

is a real-valued periodic signal and h(0 is the impulse response of a stable LTI 
system. 

(a) Specify a value for w and any necessary constraints on H{jw) to ensure that 

£i(f) = (R*{a 5 } and g 2 (0 = dm^}- 

(b) Give an example of h(t) such that ff(jw) satisfies the constraints you specified 
in part (a). 

4.43. Let 

2 sin f 

TTt 

Assuming that x{t) is real and Y</w) ^ for |w| ^ 1 T show that there exists an 
LTF system S such that 

*(0 -^* gOl 
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4A4, The output y(T) of a causal LTI system is related to the input x(t) by the equation 

dy{t) 



dt 



+ 10y(/) = 



x(t)z(t -r)dT - x(t). 



where z{U = € ~ ! u{t) + 3S(t). 



(a> Find the frequency response H(jur) = Y(jta)/X{jta} at this system, 
(b) Determine the impulse response of the system. 

4*45. In the discussion in Section 4.3.7 of Parseval's relation for continuous -time signals, 
we saw that 



n 



Jf(0| 2 <ft = ^[ |X(»| : dw- 



This says that the total energy of the signal can be obtained by integrating |Y(_/w)p 
over all frequencies. Now consider a real-valued signal x{i) processed by the ideal 
bandpass filter H(jai) shown in Figure P4.45. Express the energy in the output sig- 
nal L y(Oas an integration over frequency of \X{jw)\ 2 > For A sufficiently small so that 
|Y(jw)| is approximately constant over a frequency interval of width A, show that 
the energy in the output y{t) of the bandpass filter is approximately proportional to 

A|JfOo)l 2 . 

On the basis of the foregoing result, A,A"(_/cuo)| 2 is proportional to the energy 
in the signal in a bandwidth A around the frequency cu t . For this reason, \X{jtu )p is 
often referred to aK the energy -density spectrum of the signal *(r). 



Hftu) 



1 -- 



x(D *■ 



H(H 



-Hah— 



n 



Figure P4,45 



4.46. In Section 4,5,1, we discussed the use of amplitude modulation with a complex 
exponential carrier to implement a bandpass filter. The specific system was shown 
in Fignre 4.26, and if only the real part of /(f) is retained, the equivalent bandpass 
filter is that shown in Figure 4.3{L 

In Figure P4.46 T we indicate an implementation of a bandpass filter using 
sinusoidal modulation and lowpass filters. Show that Ihe output y(t) of the sys- 
tem is identical to that which would be obtained by retaining only 0M/(r)} in Fig- 
ure 4,26. 
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GOStDnt 



x(t) 




CUq tl> 



Figure P4.46 



447, An important property of the frequency response B{jat) of a continuous-time LTI 
system with a real causal impulse response h(t) is that H(j&) is completely spec- 
ified by its real part, fH^{i/</ai)} t The cument problem is concerned with deriving 
and examining some of the Implications of this property, which is generally referred 
to as real-part sufficiency. 

(a) Prove the property of real-pan sufficiency by examining die signal h e {i), which 
is the even part of h{t). What is the Fourier transform of /i c </)? Indicate how 
h{t) can be recovered from h £ (t). 

(b) If the real part of the frequency response of a causal system is 

(R^iHija)} =* cos a*, 



what is MO? 
(c) Show that h(r) can be recovered from h fl {i) t the odd part of h(t) t for every 
value of t except t = 0. Note that if h(t) does not contain any singularities 
[5(0, u\0). U2(t), etc.] at / = 0, then the frequency response 



-j: 



Hijat) = h{i)e- JM} dt 



will not change it hit) is set to some arbitrary finite value at the single point 
r = 0, Thus, in this case, &how that Hijto} is also completely specified by its 
imaginary part. 
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EXTENSION PROBLEMS 

4. 48, Let us consider a system with a real and causal impulse response h{r) that does not 
have any singularities at t = 0. En Problem 4.47, we saw that either the real or the 
imaginary part of H (jot) completely determines #(_/&>). In this problem we derive 
an explicit relationship between Hr(jm) and Hrijat), the real and imaginary parts 
orH(ja>). 

(a) To begin, note that since h{t) is causal, 

hit) = hit)u(t), (P44&-1) 

except perhaps at t = 0. Now, since h(t) contains no sin^ulariUes at/ = 0, the 
Fourier transforms of both sides of eq. (P4.48-1) must be identical. Use this 
fact, together with the multiplication property^ to show thai 

Hijay) - — T f*m*.4l v . (P4,4S-2) 

jtt j w w - -q 

Use tq. (P4.48-2) to determine an expression for H R (jw) in terms of Hr{jw) 
and one tor Hj(ja*) in terms of // R (/fci), 

(b) The operation 

1 f" x{t) J 
>(0 = - -^^dr (P4.48-3) 

is called the Httbert transform. 'We have just seen that the real and imaginary 
parts of the transform of a real, causal impulse response hit) can be determined 
from one another using the Hilben transform. 

Now consider eq. (P4.4&-3), and regard y{t) as the output of an LTJ system 
with Lnput x(t). Show that the frequency response of this system is 



-{? 



Ui i \ I J> &» > 



(c) What is the Hilbert transform of the signal x{t) = cos 3r? 

4.49, Let H{ jw ) be the frequency response of a coDtinuous-ti me LTJ ays tern , and su ppose 
that H(jw) is. real, even, and positive. Also, assume thai 

Ttiax{H(j<o)} - tf(G), 

(a) Show that: 

(i) The impulse response, fc(r) T is real. 

<ii> mwc{|A(0i> - A(0). 
/fcw; If /(*, &>) is a complex function of two variables, then 



f<t,tj)diii ^ 



\ffro>)\dw. 
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(b) One important concept in system analysis is the bandwidth of an LTI system. 
There are many different mathematical ways in which to define bandwidth, 
but they are related to the qualitative and intuitive idea that a system with fre- 
quency response G(/w) essentially "stops" signals of the form e Jia< for values of 
n? where G(jw) vanishes or is small and "passes" those cample* exponentials 
in the band of frequency where G( j (o) is not smalL The width of this band is the 
bandwidth. These ideas will be made much clearer in Chapter 6 T but for now we 
will consider a special definition of bandwidth for those systems with frequency 
re&pon^es that have the properties specified previously for H[j<o). Specifically, 
unc deli nici on of the bandwidth B^. of such a system is the width of the rect- 
angle of height H{jty that has an area equal to the area under H(ju>) Ihi* is 
illustrated in Figure P4,49(a)- Note that smce H(jO) = max*, H(jw\ the fre- 
quencies within the band indicated in the figure are those ftr which H(jw\ h 
largest. The caact choice of the width in the figure is a of course, a bit arbitrary, 
but we have chosen one definition that allows us to compare different systems 
and to make precise a very important relationship between time and frequency 
What is the bandwidth of the system with frequency response 



H(M = 



10, 



\ii> 



I < W 



lul > W 




Area crt rectangle = 
area under H(ju} 



Figure P4.49a 



(c) Find an expression for the bandwidth B* in teims of Mi jot). 

(d) Let s(t) denote the step response of the system set out in part (a). An important 
measure of the speed of response of a system is the rise time, which, lite the 
bandwidth, has a qualitative definition, leading to many possible mathematical 
definitions, one of which we will use. Intuitively, the rise time of a system is a 
measure of how fast the step response rises from zero to its final value, 

j(«>-= Ums(0 

Thus, the smaller the rise time, the faster is the response of the system. For the 
system under consideration in this problem^ we will define the rise time as 



U - 
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3 S3 



Since 



■r'CO = h(t). 



and also because of the property that h{0) = max, fc(r), f r is the time it would 
take to go from zero to s(w) while maintaining the maximum rate of change of 
j(r). This is illustrated in Figure P4.49(b) J 

Find an express kin for t r in terms of H{jta), 




Figure P4,49b 



(e) Combine the results of parts (c) and (d) to show that 

But? •* 2tr. 



(P4.49-1) 



Thus, we cannot independently specify both tha rise time and the bandwidth of 
our system. For example, eq. (P4 A9- 1} implies that, if we want a fast system {t r 
small), the system must have a large bandwidth. This is a fundamental trade-off 
that is of central importance in many problems of system design. 

4*50. In Problems 1.45 and 2.67, we denned and examined several of the properties and 
uses of correlation functions. In the current problem, we examine [he properties of 
such functions in the frequency domain. Let x(t) and y[t) be two real signals. Then 
tha cross-correlation function of x(t) and yif) is defined as 

^y(f) = f x(i+r)yiT)dr. 

Similarly, we can define *^(0* 0*x(fJi and <p yy (t)- [The last two of these are called 
the autocorrelation functions of the signals x(i) and yii), respectively ] Let * xv (jtay t 
*yj(yw) f &xx{jw) f and &yy(j&) denote the Fourier transforms of $ zy (t)* V i(O, 
<£j[x{0» mm! <fryy{0* respectively. 

(a) What is the relationship between 4\yGw) and 4^0 w}? 

(b) Find an expression for <JVy{/w) in term* of XX/w) and Yij^y 

(c) Show that <b XK (jw) is real and nonnegative for every to. 

(d) Suppose now that x(t) is the input to an LTI system with a real-valued impulse 
response and with frequency response H(jtn>) and that yO) is the output. Find 
expressions for fc Z y(jta) and & yy {jat) in terms of <b xx {jto) and Hi jot). 
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,(e) Let x(t) be as is illustrated in Figure P4.50 t and let the LTl system impulse 
response be hit) = e~ tl! u{t\ a > 0. Compute <P„(jt&), *I* [r i ,/&>), ando> v> (y W ) 
using the results of parts (a)-(d)- 

lf) Suppose that we are given the following Fourier transform of a function ${t): 

, . , <*> 2 + 100 



O) 



^ + 25" 



Find (he impulse responses of wo causal, stable LTl systems that have autocor- 
relation functions equal to <£(*)■ Whichoneof these has a causal, stable inverse 7 




Figure P4.50 

4.51. (a) Consider two LTl systems with impulse responses h(t) and g(t), respectively, 
and suppose that these systems are i n verses of one another. Suppose also that the 
systems have frequency responses denoted by H{jw) and G{jn>), respectively. 
What is the relationship between H{jw) and C(jk>)7 

(b) Consider the t;tmtin nous-time LTl system with frequency response 

[ 0, otherwise 

(i) fs it possible to find an input xtt} to this system such that the outpui is as 

depicted in Figure P4.50? If so, find x{t), U not, explain why not. 
(ii) Is this system invertible? Explain your answer. 

(c) Consider an auditorium with an echo problem. As discussed in Problem 2,64, 
we can model the acoustics of the auditorium as an LTl system ^Uh an im- 
pulse response consisting of an impulse train, with the ith impulse in the train 
corresponding to the £lh echo. Suppose that in this particular case the impulse 
response is 

Mi) = ^e- kT 8{t-kTX 

where the factor e~ kf represents the attenuation of the rfth echo. 

In order to make a high-quality recording from the stage, the effect of the 
echoes must be removed by performing some processing of the wounds sensed 
by the recording equipment. In Problem 2.64. we used convolutional techniques 
to consider one example of the design of such a processor (for a different acous- 
tic model). In the current problem, we will use frequency-domain techniques. 
Specifically, let G(^j&) denote the frequency response of the LTl system to be 
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used to process the sensed acoustic signal. Choose O(jto) so that the echoes are 
completely removed and the resulting signal is a faithful reproduction of the 
original stage sounds. 

(d) Find the differential equation for the inverse of the system with impulse re- 
sponse 

h{t) = 25<f) + H|(0. 

(e) Consider ihe LT1 system initially at rest and described by the differential equa- 
tion 

The inverse of this system is also initially at rest and described by a differen- 
tial equation. Find the differential equation describing the inverse, and find the 
impulse responses h(i) and g{i) of the original system and its inverse. 
4,52. Inverse systems frequently find application in problems involving imperfect mea- 
suring devices. For example, consider a device for measuring the temperature of a 
liquid. It is often reasonable to model such a device as an LTJ system that H because 
of the response characteristics of the measuring element (e.g., the mercury in a iher- 
mometer), does not respond instantaneously to temperature changes. In particular, 
assume that the response of this device to a unit step in temperature is 

j(;> = (1 - tf"" 2 )^/), (P4,52-l) 

(a) Design a compensatory system that, when provided with the output of the mea- 
suring device, produces an output equal to the instantaneous temperature of the 
liquid, 

(b) One af the problems that often arises rn using inverse systems as compensators 
for measuring devices is that gross inaccuracies in the indicated temperature 
may occur if the actual output of the measuring device produces errors due to 
small, erratic phenomena in the device. Since there always are such sources 
of error in real systems, one must take them into account. To illustrate This, 
consider a measuring device whose overall output can be modeled as the sum 
of the response of the measuring device characterized by eq. (P4.52-1) and 
an interfering "noise" signal n(t). Such a model is depicted in Figure P4. 52(a), 
where we have also included the inverse system of part (a), which how has as its 
inpu? the overall output of the measuring device. Suppose Thai nit) = sin&f. 
What is the contribution of nij) to the output of the inverse system, and how 
does this output change as w is increased? 

(c) The issue raised in part (b) is an important one in many applications of LTI 
system analysis. Specifically, we are confronted with the fundamental trade- 
off between the speed of response of the system and the ability of the system 
to attenuate high-frequency interference. In part fb) we saw that this trade- 
off implied that, by attempting to speed up the response of a measuring device 
(by means of an inverse system), we produced a system that would also amplify 
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Actual measuring device 



LTi model of 

measuring device 

m = (1-e- w )u(t) 



n{t) 



<*> 



ffl 



Inverse system 
to LTJ model 

of measuring 
devce 



Perfect measuring 

device 

s{ti =■ uffi 



X 



Compensating 
system 



_J 



Figure P4.52 

corrupting sinusoidal signals. To illustrate this concept further, consider a mea- 
suring device that responds instantaneously to changes in temperature, but that 
also is corrupted by noise. The response of such a system can be modeled, as 
depicted in Figure P4.52(b) T as the sum of the response of a perfect measuring 
device and a corrupting signal n(ti Suppose that we wish to design a compen- 
satory system (hat will slow down the response to actual temperature variations, 
bat also will attenuate the noise /i(r) r Let the impulse respense of this system 
be 

h(t) = ae at u(t). 

Choose a so thai the overall system of Figure P4,52(b) responds as quickly 
as possible to a step change in temperature, subject tu the constraint that the 
amplitude of the portion of the output due to the noise rt(t) = sin 6r is no larger 
than 1/4. 

4.53- As mentioned in the text, the techniques of Fourier analysis can be extended to 
signals having two independent variables. As their one-dimensional counterparts do 
in some applications, these techniques play an impertant role in other applications, 
such as image processing. In this problem, we introduce some of the elementary 
ideas of two-dimensional Founer analysis. 

Let x(t\. h) be a signal that depends upon two independent variables , r ] and 
h- The two-dimensional Fourier transform of x{t ]9 f a ) is defined as 



X{jan,jw 2 ) = 



a 



xir 1 ,t 2 )e-^ lt ' + ^^dttdtn. 



(a) Show that this double integral can be performed ay two successive one- 
dimensiona] Fourier transforms, first in t\ with h regarded as fixed and then 
in /?. 
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(b) Use the result of part (a) to determine the inverse transform — that is, an expres- 
sion fur a(/|, ti) in terms of X{jo>\. jwi)- 

(c) Determine the two-dimensional Fourier transforms \>f the following signals: 
(j) xit lr t 2 )= e-'^uih -1)«<2~r 2 ) 

e-A'-N if-l< (, ^ land -1 ^ fj ^ 1 
0, otherwise 

e -,*\ -\r 2 \ r if ^ /| ^ 1 orO ^ / 2 ^ I (or both) 
t otherwise 

(\\) x(t\ t h) as depicted in Figure P4.53. 
(v) e _ "i Ir ^- |j| r, l 



<ii) X(t u t2) = 
(ill) X(i u t?) = 



Jd.t-j. X 2 ) = 1 in shaded area 

1 and outside 




-1 



Figure P4.53 



(d) Determine the signal jcfri, ti) whose two-dimensional Fourier transform is 

2tt 



XUwujwi) = 



4 + ja> 



&{<**2 ~ 2*0 [)- 



(e) Let x(t]> t2) atid h{t\ t f 2 ) be two signals with two-dimension al Fourier trans- 
forms X{jg>\, ja>2) and H(jm^ t jmiX respectively. Determine the transforms 
of the following signals in terms of X{jii>i, jwj) and //(j«*[, jwt.): 
(i) Jt(f, -ri./ a - r a ) 
(ii) x(aii.6( 2 ) 
(HI) >-(/,, fc) ■= (_ + T *J_Vjr(^,^Wi -T,^ 2 -Ti)dT|rf^ 
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The discrete-time fourier 

transform 




5.0 INTRODUCTION 



In Chapter 4 S we introduced the continuous Curie Fourier transform and developed the 
many characteristics of that transform which make the methods of Fourier analysis of 
such great value m analyzing and understanding the properties of continuous-time signals 
and systems. In the current chapter, we complete our development of the basic tools of 
houner analysis by introducing and examining (he discrete-time Fourier transform 

In our discussion of Fourier series in Chapter 3, we saw that there are many similari- 
ties and strong parallels in analyzing continuous-time and discrete-time signals. However 
there are also important differences. For example, as we saw in Section 3 6 the Fourier 
series representation of a discrete-time periodic signal is i jfrnte series, as opposed to the 
infinite series representation required for continuous -time periodic signals. As we will see 
in this chapter, there are corresponding differences between continuous-time and discrete- 
tLme Fourier transforms. 

In the remainder of the chapter, we take advantage of the similarities between 
continuous-bme and discrete-time Fourier analysis by following a strategy essential^ 
idenUcal to that used in Chapter^ In particular, we begin by extending the Fourier se- 
ries description of periodic signals in order to develop a Fourier transform representation 
for discrete-time aperiodic signals, and we follow with an analysis of the properties and 
characteristics of the discrete- time Fourier transform that parallels that given in Chap- 
ter 4. By doing this, we not only will enhance our understanding of the basic concepts of 
houner analysis that are common to both continuous and discrete time, but also will con- 
trast thdr differences in order to deepen our understanding of the distinct characteristics 
of each. 
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S. I REPRESENTATION OF APERIODIC SIGNALS: 
THE DISCRETE-TIME FOURIER TRANSFORM 

5 J . T Development of the Discrete-Time Fourier Transform 

In Section 4.1 [eq. (4.2) and Figure 4 2] T we saw chat the Fourier series coefficients for a 
continuous-tune periodic square wave can be viewed as samples of an envelope function 
and that, as the period of the square wave increases, these samples become more and 
more finely spaced. This property suggested representing an aperiodic signal x{i) hy first 
constructing a periodic signal x\j) that equaled x{t) over one period. Then, as this period 
approached infinity, x{t) was equal to r(r) over larger and larger intervals of time, and the 
Fourier series representation for x(t) converged to the Fourier transform representation for 
jt(/). In this section, we apply an analogous procedure to discrete-time signals in order to 
develop the Fourier transform representation for discrete- time aperiodic sequences- 
Consider a general sequence x[n] that is of finite duration. That is, for some integers 
W, and/V'2,41] = outside the range -N } ^ n ^ AS. A signal of this type is illustrated 
in Figure 5. 1(a). From this aperiodic signal, we can construct a periodic .sequence x[n) for 
which x[n] is one period, as illustrated in Figure 5. 1(b). As we choose the period N to be 
larger, x[n\ is identical to x[n] over a longer interval, ar.d as N -*■ » x[n] = x[n] for any 
finite value of n. 

Let us now examine the Fourier series representation of x[n\. Specifically, from eqs, 
(3.94) aod (3,95), we have 



k .Ay 



(5.1) 



K (n] 




N, 

fa) 
x[n] 



Mi 



N, 




n , 



lr lMl TfllTnlTllllT 

N, N N 



Figune 5,1 (a) Finite-duration signal x[n]\ (h) penodic signal x[n] con- 
structed to he equal to x[fl) over one period. 
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&k = 



xln]e~ Jki2iritf)n . 



(5,2) 



n = (lf) 



Since x[n] - x[n] over a. period that includes the interval -Ni =£ n £ #:, it is 
convenient id choose the interval of summation in eq. (5.2) to include this interval, so that 
Jc[rt] can be replaced by x[n] in the summation. Therefore, 



&k 



*3 



= Tj X *M' 



.-jJk^ir/ftTjji = 



1 



N-„ Je 



2 T[n]e 

n- — ■x 



-jt(2irWjB 



(53) 



where in the second equality in eq. (5.3) we have used the fact that x[n\ is zero outside 
the interval -N\ := n ^ jV 2 . Defining the function 



X{e*») « X *[«J*"-™", 



(5.4) 



we see that the coefficients £$ are proportional to samples of X{e Jtl *)i i.e., 

1 






*i = I?*^" ). 



(5.5) 



where wo = 2ir/S is the spacing of the samples m the frequency domain. Combining eq$. 
(5.1) and (5.5) yields 



x[n] = ^ ^X<tf' fcav )e jhBnfl . 



(5.6) 



ft=W 



Since wo = 2*r/tf, or equivalent]^ 1/N = wtjl'ir, eq. (5.6) can be rewritten as 



2ir 



* = fWi 



As with eq. (4,7), as tf increases cuo decreases and as N — ► «; eq, (5.7) passes to 
an integral. To see this more clearly, consider XW*)e Jtan as sketched in Figure 5.2. From 



Xfe*™)^ 




J — Figure S.2 Graphical interpretation 
2 * of eq. (5.7). 



X[ft] = 


^ kit 




+<*■ 


X{e sw ) = 


]T x[n]e- Jta ", 




n = — ^ 



Sac 5.1 Representation of Aperiodic Signals: The Discrete-Time Fourier Transform 361 

eq, (5,4), X{eJ" ) is seen to be periodic in to with period 2fl\ and so is e' WB , Thus, the product 
X{e^)e^ n will also be periodic. As depicted in the figure, each lerm in the summation 
in eq, (5 7} represents the area of a rectangle of height X{e JkMa )e /a>a " and width tu 3 . As 
too — * 0. the summation becomes an integral. Furthermore, since the summation is carried 
out over jV consecutive intervals of widths. - 2trfN, the total interval of integration will 
always have a width of 2ir. Therefore, as jV -> * p x[n\ - x[n], and eq, (5.7) becomes 

x[n] = i f X{e^)e jat "d<o, 

where, since X{e Jaf )e iaift is periodic with period 2*r, the interval of integration can be laken 
as any interval of length 2tt. Thus, we have the following pair of equations: 



(5.8) 
{59) 



Equation* (5.8) and (5.9) are the discrete-time counterparts of eqs. (4.8) and (4.9). 
The function X{e^) is referred to as the discrete-rime Fourier transform and the pair of 
equations as the discrete-time Fourier transform pair Equation (5.8) is the synthesis equa- 
tioru eq. (5.9) the analysis equation. Our derivation of these equations indicates how an 
aperiodic sequence can be thought of as a linear combination of complex exponentials. 
In particular, the synthesis equation is in effect a representation of x[n] as a linear com- 
bination of complex exponentials infinitesimally close in frequency and with amplitudes 
X(e^)(dto/27ri. For this reason, as in continuous time, the Fourier transform X{e ja >) will 
often be referred to as the spectrum of Jtfnj. because it provides us with the information 
on how x[n] is composed of complex exponentials at different frequencies. 

Note also that, as in continuous time, our derivation of the discrete-time Fourier 
transform provides us with an important relationship hetween discrete-time Fourier series 
and transforms. In particular, the Fourier coefficients a k of a periodic signal *[n] can be 
expressed in terms of equally spaced samples of the Fourier transform of a finite-duration, 
aperiodic signal x{n] that is equal to i[n] over one period and is zero otherwise. This fact 
is of considerable importance in practical signal processing and Fourier analysis, and we 
look at it further in Problem 5 .41 , 

As our derivation indicates, the discrete-time Fourier transform shares many sim- 
ilarities with the continuous-time case. The major differences between the two are the 
periodicity of the discrete-time transform X(e yto ) and the finite interval of integration in 
the synthesis equation. Both of these stem from a fact that we have noted -several times be- 
fore: Discrete-time complex exponentials that differ in frequency by a multiple of 2tt are 
identical. In Section 3.6 we saw mat, for periodic discrete-time signals, the implications 
of this statement are that the Fourier series coefficients are periodic and that the Fourier 
series representation is a finite sum. For aperiodic signals, the analogous implications are 
that Xie** 1 ) is periodic (with period 2ir} and that the synthesis equation involves an inte^ 
gration only over a frequency intervad that produces distinct complex exponentials (i.e., 
any interval of length 2ir). In Section L3.3, we noted one further consequence of the pe- 
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riodicity of e Jt "" as a function of w. w =0 and <u = 2tt yield the same signal. Signals 
at frequencies near these values or any other even multiple of ir are slowly varying and 
therefore are all appropriately thought of as low- frequency signals. Similarly, the high 
frequencies in discrete time are the values of w near odd multiples of ir. Thus, the signal 
t | [n] shown in Figure 53{a) with Fourier transform depicted in Figure 5.3(b) varies more 
slowly rhan the signal xi[n] in Figure 5.3(c) whose transform is shown in Figure 5. 3(d). 



x,<en 



*i n 



*«* *t«**Tt,TI 



_I,<tt»MT»a» 





(a) 



-2-n — 







2-n 



*****! II P 



(c) 



*d*n 



i.«j^.t.*.I.U.i.t.ij...f 



k w * * w * 



-2-n -it it 2: 



(cfl 



Figure 5.1 (a) Discrete-time signal xi[n]. (b) Fourier transform of jri[n]. 
Note that X\[e^) is concentrate near w = 0, £2ir, ±4ir, .. (c) Discrete- 
time signal x 2 [ri\. fct) Fourier transform of x^n]. Note tha; X 2 {$^) is concen- 
trated n&ar w = ±?r d ±3ir, .... 



5.1 .2 Examples of Discrete-Time Fourier Transforms 

To illustrate the discrete-time Fourier transform, let us consider several examples. 



Example 5. 1 

Consider the signal 



T[n\ = fl^ff], \a\ < 1 



See S 1 Representation of Aperiodic Signals: T he Discrete -Time Fcurier Transform 
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Tn this cast. 



X(*'"l = V rt "wfnli 



f±>„ 



^— ■ — zip t™ 



I — me 

The magnitude and phase of X(e Ja> ) are shown in Figure 5A\a) for a > and in Fig 
ure 5.4(b) for a < 0, Note thai all of these functions are periodic in tu ftitri period Zir. 



|X(e^ 




--tan ] WA -aft 




{ai 



|Xtfl ,u >l 







Figure 5 + 4 Magnitude and phase of the Fourier transform of Example 5 1 
lor (a) a > and (b) a < 
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Example 5.2 

Let 



x[n\ = u w , \a\ < I 



This signal is sketched for < a < 1 in Figure 5.5(a). Tts Fourier transform ii obtained 
rromeq. (5.9); 



X{cJ») - ^ 0*1. 



tlm/fl 



= y a"e ***" + y 



(TV"". 



r^tt 



x,n] 



_u 



ml 
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X{en 




Figure 5.5 {a) Signal x{n] 
form (0< a< 1). 



= ^m o1 Example S.2 and (b) its Fourier trans- 
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Making Che substitution of variables m = -n in the second summation, we obtain 



h-D 



i»-l 



Both of these summations are infinite geometric series that we can evaluate in closed 
form, yielding 



1 - ae~i m 1 -ae^" 

1 — 2a cos w + a 2 
In this case, X(e Jm ) is real ami is illustrated in Figure 5,5(b). again for < a < I 

Exampfe 5.3 

Consider the rectangular pulse 

[0, \n\ > A^| 
which is illustrated in Figure 5.6(a) for jV] = 2. In this case, 



JW> = X 



-ytffT 



i=-Ni 



m 




N 1 N 1 
(a) 



(5.10) 



(S.U) 




Elf u) 



Figure 5.6 (a) Rectangular pulse signal of Example 5.3 tor tf, = 2 and 
(b) its Fourier transform. 
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Using calculation similar to those employed in obtaining eq. (3.104) in Example 3.12, 
wt can wnte 

sin at [A i -I- \ ' 

siit(w/2) 

Thi& Founer tranhform is sketched inFigure 5.6(bi forN = 2. The function meq. (5.1 2) 
ii the discrete-time counterpart of the sine function, which appears in the Fourier trans- 
form of the ccintinuous-time rectangular pu) 1 **: (see Example 4.4). An important differ- 
ence between these two functions is that the function in cq. (5.12) is periodic with period 
2ir, whereas the sine function is aperi[>dic, 

5.1 .3 Convergence issues Associated 

with the Discrete-Time Fourier Transform 

Although the argument we used to derive the discrete -time Fourier transform in Sec- 
tion 5.1.1 was constructed assuming that x[n\ was of arbitrary bat finite duratitm, eqs. 
(5.8) and (5,9) remain valid for an extremely broad class of signals with infinite duration 
(such as the signals in Examples 5.1 and 5.21. In this case, however, we again must con- 
sider the question of convergence of the infinite summation in the analysis equation (5.9) 
The conditions on x{ri\ that guarantee the convergence of this sum are direct counterparts 
oT the convergence conditions for the continuous- time Fourier transform. 1 Specifically, 
eq. (5.9) will converge either if x[n\ is absolutely summable, that is, 

V \x\n]\ < * h (5 13) 

or if the sequence has finite energy, that is, 

2 \*n\P <*. 15.14) 

In contrast to the situation for the analysis equation (5.9), there aie generally no 
convergence issues associated with the synthesis equation (5.8), since the integral in this 
equation is over a finite interval of integration. This is very much the same situation as 
for the discrete-time Fourier series synthesis equation (3.94), which involves a finite sum 
and consequently has no issues of convergence associated with it either. In particular, 
if we approximate an aperiodic signal x\n\ by an integral of complex exponentials with 
frequencies taken over the interval jw| ^ W, Le., 

1 i w 
*[«]*= x- X(e^)e jain d<*>, (5.15) 

2tt ) . w 

1 FLicdiscusfcionB of" the convergence iSiue^assuciiticd with the Jiscrete-time Courier tr^tisfnrm. iie A. V 
Oppenhdm and R W, Schafer, Discrete-Time Signal Ptnt vssmjt tbnglcwood Cltffh, NJ Prentlce-HalL, live , 
\91&\ UtidL. R. Rshinejind B- CJold h Theory end Application of Digital Signal Prvcetttnsi {Englewood Cliffs, 
NJ: Prentice-Hall, Inc., 1975). 
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then x[n] =* x[n] for W *- ir. Thus, much as in Figure 3,1S, we would espect not to see 
any behavior like the Gibbs phenomenon in evaluating the discrete -time Fourier transform 
synthesis equation. This is illustrated in the Following example. 

Example 5.4 

Ltit x[n] be the unit impulse; that is, 

In this case ihe analysis equation (5 9) is easily evaluated, yielding 

X{e Jat ) = 1. 

In other words, just as in continuous time, the unit impulse has a Fourier transform repre- 
sentation consisting of equal contributions at all frequencies. If we then iipply eq, {5. L5J 
to this example, we obtain 

1 {" _, , smlYn 



$ln] = _ - eS" a d<u = -*. (5.16] 

Ztt } w irr\ 

This is plott&d in Figure 5.7 for several values of W. As can be seen, the frequency of the 
oscillations m the approximation increases as Wis increased, which is similar to what we 
observed m the continuous-time catA. On the other hand, in contrast to the continuous- 
time case, the amplitude of these oscillations decreases relative to the magnitude nf x[0] 
as W is increased, and the oscillations disappear entirely for W = tt. 

5.2 THE FOURIER TRANSFORM FOR PERfGDJC SIGNALS 

As in the continuous-time case, discrete-time periodic signals can be incorporated within 
the framework of the discTete-iime Fourier transform by interpreting the transform of a 
periodic signal as an impulse train in the frequency domain. To derive the form of this 
representation, consider the signal 

jf[«J = tf-W'". (5.17) 

In continuous time, we saw that the Fourier transform of e ltOVtf can be interpreted as an 
impulse at &i = u>\ ir Therefore, we might expect the same type of transform to result for 
the discrete-time signal of eq, (5. 17). However, the discrete-time Fourier transform must 
be periodic in tu with period 2tt, This then suggests that the Fourier transform of _*[«] in 
eq. (5. 17) should have impulses at &$, at (> = 2tt, w^ ± 4tt, and so on. Tn fact, the Fourier 
transform of x[n] is the impulse train 

■¥(0 = X 2tt 6<<o - ai Q - 2wl\ (5.18) 



x «(to 



PI 
nl 
5 



rt(^- 



LI 
5 



* T" 



3 



-It 



S 



a? 



£. •— 



a-™ * 

* » II 

° 11 2 

tr a 

4=<- II 

£ VI ^ 



§i5; 






en 
II 

2.° 



2 



368 



Sec 5.2 The Fourier Transform far Periodic Signals 



369 



which is illustrated in Figure 5,8, In order to check the validity of this expression, we must 
evaluate its inverse transform. Substituting eq. (5,18) into the synthesis equation (5,8), we 
find that 
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(uq + 2ii) (<o + 4it) 



Figure 5-6 Fourier transform tf 



Note that any interval of length 2tt includes exactly one impulse in the summation given 
in eq. (5.18). Therefore, if the interval of integration chosen includes the impulse located 
at too + 2ixr, then 



■IT hn 



Now consider a periodic sequence x[n] with period. N and with the Fourier series 
representation 



;[n] = ^ G * e 



Jtilw/Ntn 



<M9) 



* = <M 



In this case, the Fourier transform is 



*(*^)= X IWk&L-—). 



(5.20) 



$0 that the Fourier transform of a periodic signal can be directly constructed from its 
Fourier coefficients. 

To verify that eq, (5,20) is in fact correct, ryote that x[n] in eq. (5.19) is a linear 
combination of signals of the form in eq. (5.17), and thus the Fourier transform of x[n] 
must be a linear combination of transforms of the form of eq. (5,18), In particular, suppose 
that we choose the interval of summation in eq. (5, 19) as k = y 1, ... , A" - 1 , so that 



*[«] = flo + a,^< 2TrW >" + a ^ ia ^^ 



+ ■ + atf-K 



jtfT-l}(2*/AT)fl 



(5,21) 
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Thus, x[n] is a linear combination of signals, as in eq H (5.17), with ti>u — O t 2Tr/N, 
4tj7/V. .. ., (A — \)2ttIN. The resulting Fourier transform is illustrated in Figure 5.9. 
In Figure 5.9ia) t we have depicted the Fourier transform of me first term on the right-hand 
side of eq. (5.21): The Fourier transform of the constant signal a G = a^e^ K is aperiodic 
impulse train, as in eq. (5, 18), with ta^ = and a scaling of 2-jrao on each of the impulses. 
Moreover, from Chapter 4 we know that the Fourier series coefficients a* are periodic 
with period N, so that liuia = Ittqh = 7ira-s. In Figure 5.9(b) we have illustrated the 
Fourier transform of the second term in eq L (5.21 }, where we have again used eq, (5, 1 8). 
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Figure 5.9 Fourier transform of a discretMime periodic sfgnal; (a) Fourier transform 
of the first term on the right-hand side of eq. (5.21); (b) Fourier transform of the sec- 
ond term in *q_ (5.21); (c) Fourier transform of the last term in eq. (5.21); (d) Founer 
transform of x[ri\ in eq (5 21). 
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in this case for ai^' 2 ^' 1 ", and the fact that lirai = 2iFaN^\ = 27ra-w-i. Similarly. 
Figure 5.9(c) depicts the final term. Finally. Figure 5,9{d) depicts the entire expression 
far X{e JW ). Note that because of the periodicity of the a kt X{e^) can be interpreted as 
a train of impulses occurring at multiples of the fundamental frequency 2tt/jY, with the 
area of the impulse located at w = lirk/K being 2ira*, which is exactly what is stated in 
eq. (5.20). 

Example 5.5 

Consider the periodic signal 



x[n] = autumn = le*w + i<?~ w . 



2lT 

with w y = — . (5.22) 



Frometj. (5,18). we can immediately write 
X{e JC ") = 

That is. 



JT ttsL -^-l^y J^tt&L+ ^ -2ttA (5.23) 



A-(e^) = irS|o»- ^]+itbL+ ^ 



— 7T ^ £i> < IT, 



(5.24) 



and X{e^) repeats peritKJicallj 1 witha period of 2ir, as illustrated in Figure 5, 1 0. 
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Figure 5.1 Discrete-time Fourier transform at jr[nj = cos t^n 
Example 5.6 

The discrete-time counterpart of ths periodic impulse train of Example 4.8 is the se- 
quence 



x[n) - T S[n- kNi 



(5.23j 



t= v. 



as sketched in Figure 5. 1 1 (a). The Fouriei series coefficients for this signal can be cal- 
culated directly from eq <3,95>. 
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Choosing the interval of summation asO^rt^jV— l h we have 



1 



(5.26) 



Ufcing «;q& r {5,26} and (5.20), we can then represent the Fourier transform of the signal 
as 



which is illustrated in Figure 5 1 1(b). 
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Figure 5,1 1 (a) Discrete-time periodic impulse train, (b) its Fourier 
transform. 



S3 PROPERTIES OF THE DISCRETE-TIME FOURIER TRANSFORM 

As with the continuous-time Fourier transform, a variety of properties of the discrete-time 
Fourier transform provide further insight into the transform and, in addition, are often 
useful in reducing the complexity in the evaluation of transforms and inverse transforms. 
In this and the following two sections we consider these properties, and in Table 5. 1 we 
present a concise summary of them. By comparing this table with Table AA, we can 
get a clear picture of some of the similarities and differences, between continuous4ime 
and discrete-time Fourier transform properties. When the derivation or interpretation of 
a discrete-time Fourier transform property is essentially identical to its continuous -time 
counterpart, we will simply state the property. Also, because of the close relationship 
between the Fourier series and the Fourier transform, many of the transform properties 
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translate directly into corresponding properties for the discrete-time Fourier series, which 
we summarized in Table 3,2 and briefly discussed in Section 3/7, 

In the following discussions, it will be convenient to adopt notation similar to that 
used in Section 4.3 la indicate Ehe pairing of a signal and its transform. That is, 

X(e>") -W4 



5.3. 1 Periodicity of the Discrete-Time Fourier Transform 

As we discussed in Section 5. 1, the discrete-time Fourier transform is always periodic in 
a* wilh period 2jt; i.e.. 



X(e**>* 2 *>) = X{e J «)> 



(5.28) 



This is in contrast to the continuous-time Fourier transform, which in genera] is not peri- 
odic. 



5,3.2 Linearity of the Fourier Transform 

If 



and 



then 



*i[«l «—►*,(*>) 



X2 [n] <— X 2 {*n, 



axdtt] + bx z [n] < — * aX { (e^) + bX 2 <e jM y 



(5.29) 



5.3,3 Time Shifting and Frequency Shifting 



If 



then 



x[n] * — * X(e J<i, ) r 



x[n - « ] < — ► e~ ■'*"«> Xie 1 ™) 



15.30) 
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and 



,/wfin 



x[n] 



Xi.e 



jleu-tJn) 



), 



(5.31) 



Equation (5.30) can be obtained by direct substitution of x[n - n<j] into the analysis equa- 
tion (5,9), while eq, (5.31) is derived by substituting Jf(* J ' w ~ 1 " 01 ) into the synthesis equa- 
tiniU5-8). 

As a consequence of the periodicity and frequency-shifting properties of the discrete- 
time Fourier transform, there exists a .special relationship between ideal lowpass and ideal 
highpass discrete-time filters. This is illustrated i.n the next example. 

Example 5.7 

In Figure 5. 12(a) we have depicted the frequency response Hfy{e J ") of a Igwpass filter 
with cutoft frequency a\» while in Figure 5.12(b) we hVve displayed H\ ? {e >iv ~ wi ) — that 
is. the frequency response H^le***) shifted by one-haJf period, i.e,, by ir, Since high 
frequencies in discrete time are concentrated near it (and mher odd multiples of itK the 
filter lit Figure 5.12(b) is an ideal highpass filter with ctfiofF frequency n- - &j l . That is. 



tf„ P (^) = WipC*-^" *>). 



(5 32) 



As we can see from eq r (3.122), and as we will discuss again in Section 5.4, the 
frequency response of an LT1 system is the Fourier transform of the impulse response 
of the system. Thus* if h\p[n\ and h^ \n] respectively denote the impulse re*potises of 
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Figure 5.} 2 (a) Frequency response at a lowpass filter; (b) frequency re- 
sponse of a highpass fitter obtained hy shifting the frequency response in (a) 
by co ^ it corresponding to one-half period. 
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Figure 5.12, eq. (5.32) and the frequency-shifting property imply that 
the bwpasi and highpas*. filters in 

= i-ir*i P L«]. 



(5.33) 
(5.34) 



5,3.4 Conjugation and Conjugate Symmetry 



If 



then 



*[/i] <— W), 



^h] — tfV"). 



(5.35) 



Also, if x\n] is real valued, its transform X{e ; ™) is conjugate symmetric. That is, 



W) = *>-'") [jcMreal]. 



(5.36) 



From this, it follows that <Re{X(e Jt *)} is an even function of w and $m{Xte Jixf )\ is an odd 
function of *j. Similarly, the magnitude of X(e^)h an even function and the phase angle 
is an odd function. Furthermore. 



and 



£v{*l«3) *-U{Jk{jr(«?' u )} 



£W{A[nj} «-^+ y^iB{X(^ u )K 



where Sv and £W denote the even and odd parts, respectively, of x[rt\. For example, if x[n] 
is real and even, its Fourier transform is also reaJ and even. Example 5,2 illustrates this 
symmetry for x[n] = dK 

5.3.5 Differencing and Accumulation 

In this subsection, we consider the discrete -time counterpart of integration— that is T 
accumulation— and its inverse, first differencing. Let x[n] he a signal with Fourier trans- 
form X{e IW Y Then, from the linearity and time- shifting properties, the Fourier transform 
pair for the first-difference signal jt[«1 — x[n — 1] is given by 



x\n] — x[n — 1] 



(1 - *->)#(>'"). 



(5.37) 
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Next, consider the signal 

Since y[/i] — y[n — I] = xLft], we might conclude that the transform of y[n] should be 
related to the transform of x[n] by division by (1 — e~ ■!**). This is partly correct, but as 
with the continuous- time integration property given by eq r (4.32) T there is more involved. 
The precise relationship is 



X x{m] <—* ■■ — _ 7 -jf( f J») + v X{e^) V 5(w - 27rfr). 



(5.39) 



The impulse train on the right-hand side of eq. (539) reflects the dc or average value that 
can result from summation. 

Example 5.8 

Let us derive the Founer transform X{eJ*) of the unit step x[n] = u[n] by making use 
of the accumulation property and the knowledge that 

g[n] = S[nl J-> G(*n = 1. 

From Section 1.4.1 we know that the unit step is the running sum of the unit impulse. 
That is. 

Taking the Fourier transform of both sides and using accumulation yields 

X(e J »'> = 1 



') = (J _ g _ JW) C(^ w ) + irC(^°) X *<*> " ^*) 



+ 7r S *k* ~ ^^ 



1 - ff-J™ 



5.3.6 Time Reversal 

Let x[n] be a signal with spectrum X(e^\ and consider the transform Y{e^) of >'in] = 
jc[-n] r Fro-mcq. (5.9), 

Y(e>») = ^ Jf"]^" ;wn = 2 *[-«]*" ; ""- (5,40) 

n= — ^ a= - ^ 

Substituting tn = - n into eq. (5.40), we obtain 

y(^) = ^ X [ ffl ] ff -/(-«>™ = XU'^1 15.41 ) 
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That is. 



x\~n\ 



X(e~^). 



(542) 



5.3.7 Time Expansion 

Because of Che discrete nature of the time index for discrete- time signals, the relation be- 
tween ti me and frequency scali ng in discrete time takes on a somewhat different form from 
its continuous-lime counterpart. Specifically, in Section 4.3. 5 we derived the continuous- 
time property 

x{at)J^f- v X{^\. (5 .43) 



However, if we try to define the signal x[an], we run into difficulties if a is nor an integer. 
Therefore, we cannot slow down the signal by choosing a < 1 , On the other hand, if we 
let u be an integer other than ±1 — for example, if we consider jt[2p] — we do not merely 
speed up the original signal. That is, since n can take on only integer values, the signal 
jf[2n] consists of the even samples of r t[n] alone. 

There is a result that does closely parallel eq. (5.43), however. Let k be a positive 
integer, and define the signal 



*t*)M ™ 



x{tUk] t if n is a multiple of k 
0. if n is tiot a multiple of k. 



(5.44) 



As illustrated in Figure 5 A3 for k = 3 h x m [n] is obtained from x[n]by placing Jt - 1 zeros 
between successive values of the original signal. Intuitively, we can think of x^[n] as a 
slowed-down version of x[a]* Since r^In ] equals unless n is a multiple of Jt, i.e., unless 
n = rk, we see that the Fourier transform of jr^[nj is given by 



1 


1 


■ 


■ 






1 


1 


I- 




-u 


> J 2 
1 


n 





■ 






i 


*td n l 


1 


■ 




i 


i 


1 


■ 


■ 


i 


< 




1 




— — - — *- 






l 






! 






-+- 



-6-3 3 6 



Figure 5.1 3 The signal ^[n] ob- 
tained from x[j?] by inserting two zeros 
between successive values of the 
original signal. 
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Furthermore, since Xik } [rk) = xfr) T we find thai 

-r- DO 

That is. 



h = — DO 



Jfaitnl «-* *(*'*"")- 



(5.45) 



Note that as the signal is spread out and slowed down in time by taking k > 1, 
its Fourier transform is compressed. For example, since Y(^"") is periodic with period 
2tr, X(e^} is periodic with period 2ir/jfc. This property is illustrated in Figure 5.14 for a 
rectangular pulse. 
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Figure 5,14 Inverse relationship between the time and frequency domains' As k in- 
crease, x w \tt] spreads out while its transform is compressed. 
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Example 5.9 

As an illustration of the usefulness, of the time-expansion property ill determining 
Fourier transforms, let us consider the sequence x[n] displayed in Figure 5.15(a). This 
sequence can be related to the simpler sequence y[rj] depicted in. Figure 5.15(b). In 
particular 



x[n] = ymin] + 2y (2) [n - 1J. 



where 



y<zM = 



y[ttt2], if fits even, 
0, if it is odd 



and yn\[n - 1J represents j^ffi) shifted one unit to the right. The signals y^[n\ and 
2j(2j[n - 1] are depicted In Figures 5, 15{c) and (d), respectively. 

Next, note that y\ri) = x[tt -2], where jin] is a rectangular pulse as considered 
in Example 5.3 (with Nj = 2) and as depicted in Figure 5.6(a). Consequently, from 
Example 5.3 and the time-shifting property we see that 
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Figure 5*15 <a) The signal x[n] in Example 5,9: (b) Ihe signal y[n] r t (c) 
the signal y m [n] obtained try inserting one zero between successive values of 
y[nl; and id) the signal 2y 3) [fl - U 
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Using the time-expansion property, we then obtain 

and using the linearity and time-shifting properties, we get 

Combining these two results* we have 

53.8 Differentiation in Frequency 

Again, let 



If we use the definition of X {€■*"} in the analysis equation (5.9) and differentiate both sides, 
we obtain 






= 21 -jn*M< 



■;hjj 



The right-hand side of this equation is the Fourier transform of — jr'jtjc[n]* Therefore, mul- 
tiplying both sides by j, we see that 



(5,46) 




The usefulness of this property will be illustrated in Example 5.13 in Section 5.4, 

5. J. 9 Parsevai's Refattort 

If x\n\ and X{e Jw ) are a Fourier transform pair, then 




(5.47) 



We note that this is similar to eq. (4,43), and the derivation proceeds in a similar man- 
net. The quantity on the left-hand side of eq. (5.47) is the total energy in the signal x[tj], and 
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Parse vsTs relation states that this energy can also be determined by integrating the energy 
per unit frequency, |X(*J |U )p/2ir > <ivera full 2tt interval of distinct discrete-time frequen- 
cies. In analogy with the continuous-time case, \X (*^)| 2 is referred to as the energy-density 
spectrum of the signal x[n]. Note also that eq. (5.47) is the counterpart for aperiodic sig- 
nals of Parse val*s relation, eq, (3.110), for periodic signals, which equates the average 
poorer in a periodic signal with the sum of the average powers of its individual harmonic 
components. 

Given the Fovuier transform of a sequence, it is possible to use Fourier transform 
properties to determine whether a particular sequence has a number of different properties. 
To illustrate this idea, we present the following example. 

Example 5,10 

Consider the sequence j[n] whose Fourier transform X(e Jl *} \& depicted for -v *s 
uj :£ n- in Figure 5. 16. We wish to determine whether or not, in the time domain, x{n) 
is periodic, real, even, and/or of finite energy. 
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Figure 5. 1 6 Magnitude and phase of the Fourier transform for E*an>- 
p1& 5.10. 
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Accordingly, we note first that periodicity in the lime domain implies ihai the 
Fourier transform is zero, except possibly for impulses located at various, integer multi- 
ples of the fundamental frequency. This is not true foi X(e tw ). We conclude, then, that 
jf[«] is ntft periodic. 

Nest, from the symmetry properties for Fourier transforms, we know that a real- 
valued sequence must have a Fourier transform of even magnitude and a phase function 
that k odd. This is true for the given \X(e-*)\ and <Xie* v Y We thus conclude tliat x[n} 
it, real. 

Third, if x[ ti\ is an ^ct function, then . by the svnfimeuy properties for real signals, 
X(e s °*) must be real and even. However, since X(e JW ) ™ \X(e J ")\e " ;2 *\ A ((""*) is not a 
real- valued function. Consequently, x[ti] is not even. 

Finally, to test for the finite-energy property, we may use Par^evnls relation. 



X I'M 2 = i [ \wt<t< 



It is clear from Figure 5.16 that integrating \XW$ 2 from -w to tt will yield a finite 
quantity. We conclude that x[n\ has finite energy. 

In the next few" sections, we consider several additional properties. The first two of these 
are the convolution and multiplication properties, similar to those discussed in Sections 
4.4 and4.5. The third is the property of duality, which is examined in Section 5.7, where 
we consider not only duality in the discrete-time domain, but also the duality that exists 
between the continuous-time and discrete-time domains. 



5.4 THE CONVOLUTION PROPERTY 



Tn Section 4,4, we discussed the importance of the continuous-time Fourier transform with 
regard to its effect on the operation of convolution and its use in dealing with continuous- 
time LT1 systems. An identical relation applies in discrete time, and this is one r>f the 
principal reasons that the discrete-time Fourier transform is of such great value in repre- 
senting and analyzing discrete-time LTI systems. Specifically, if x[n], h[rj] y and y[n\ are 
the input, impulse response, and output, respectively, of an LTI system, so that 

y[n] - r[n] * h[rr], 

then 



Yie J ") = X(e Jtj3 )H(e^\ 



15,48) 



where X{e^\H(e^\ and Y{e^) are the Fourier transforms of j[n] r h[n\, and vjnj, re- 
spectively. Furthermore, comparing eqs. (3.122) and (5.9), we see that the frequency re- 
sponse of a discrete-time LTI system, as first definedin Section 3.8, is the Fourier transform 
of the impulse response of the system 

The derivation of eq. (5.48) exactly parallels that carried out in Section 4.4, in par- 
ticular, as in continuous time, the Fourier synthesis equation (5.8> for jf/i] can be inter- 
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preted as a decomposition of x[n] into a Linear combination of complex exponentials with 
infinitesimaJ amplitudes proportional u> X{e^). Each of these exponentials is an eigen- 
function of the system. In Chapter 3 5 we used this fact to show that the Fourier series 
coefficients of the response of an LT1 system to a periodic inpot are simply the Fourier 
coefficients of the input multiplied by the system's frequency response evaluated at the 
corresponding harmonic frequencies. The convolution property (5AS) represents the ex- 
tension of this result to aperiodic inpots and outputs by using the Fourier transform rather 
than the Fourier series. 

As in continuous time, eq. (5.48) maps the convolution of two signals to the simple 
algebraic operation of multiplying their Fourier transforms, a fact that both facilitates the 
analysis of signals and systems* and adds significantly to our understanding of the way in 
which an LTI system responds to the input signals that are applied to it. In particular, from 
eq. (5.48), we see that the frequency response H(e JiJ1 ) captures the change in complex 
amplitude of the Fourier transform of the input at each frequency ta. Thus, in frequency- 
selective filtering, for example, we want H{e JW ) ** 1 over the range of frequencies iror- 
responding to the desired passband and H(e^) ** over the band of frequencies to be 
eliminated or significantly attenuated. 



5.4, 1 ExampJes 

To illustrate the convolution property, along with a number of other properties, we consider 
several examples in this section. 

Example 5. 11 

Consider &n LTI system with impulse response 

A[n] = d[r> - no]. 
The frequency response is 



JflO = X 5[n - no]* 



- Jfn ft-JOftf} 



Thus, for any input x[n] with Fourier transform X(e^\ the Fourier transform of the 
output is 

Y(e JI °) - e- J ""°X{e' w ). (5,49) 

We note that, for this example, y[n] = x[n - *o] and eq. (5.49) is consistent with the 
time-shifting property. Note also that the frequency response ff(£' w ) - <? Ja "* of a pure 
time shift has unity magnitude at all frequencies and a phase characteristic -wruj that is 
linear with frequency. 

Example 5.12 

Consider the discrete-time ideal lowpass filter introduced in Section 3 9.2. This sys- 
tem has the frequency response H{e>") illustrated in Figure 5.17(a). Since the impulse 
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response and frequency response of an LTl system are a Fourier transform pair, we can 
determine the impulse response of the ideal lowpass filter from the frequency response 
using the Fourier transform synthesis equation (5 >$) r In particular, Uiing - tt ^ a> ^ it 
as the interval of integration in that equation, we see from Figure 5.17(a) that 



h ™ - hi 



H( e J»)eJ»"dw = 






which is shown in Figure 5.17(b). 



1 fWr 



'drt 



(5.50) 



n 



1 



c 



-Zv 






2tt 



h[n] 



A 







T 



Figure 5,17 (a) Frequency response of a discrete-time idea! lowpass filter; 
(b) impulse response of the ideal lowpass finer. 



In Figure 5.17 t we come across many of the same issues that surfaced with the 
continuous- time ideal lowpass filter in Example 4. IS. First, since h[n] is not zero for 
n < 0, the ideal lowpass filter is not causal. Second, even if causality is not an important is- 
sue, there are other reasons, including ease of implementation and preferable time domain 
characteristics, that nonideal filters are generally used to perform frequency-selective fil- 
tering. In particular, the impulse response of the ideal lowpass filter in Figure 5.17(b) is 
oscillatory^ a characteristic that is undesirable in some applications. Injuch cases, a trade- 
off between frequency-domain objectives such as frequency selectivity and tirne-domain 
properties such as nonoscillatery behavior must be made. In Chapter 6, we will discuss 
these and related ideas in more detail. 

As the following example illustrates, the convolution property can also be of value 
in facilitating the calculation of convolution sums. 
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Example 5.13 

Consider an LTIisystem with impulse response 

h[n] = ff J, tf[n], 
with \a\ < I, and suppose that the inpul to ifijs system is 

x[n\ - flMrtl. 
with | iff | < 1, Evaluating the Fourier transforms of h In] and jr[n], we have 

Ht*n = -. [ — - (5,51) 

! - ere ^ 



and 



so that 



'(""I - T^^. «-«} 



As with Example 4,19. detertn i fling the i n verse transform of Y (r Ji * ) i s most easily 
done by expanding Y^e*") by the melhod of partial fractions, Specific-Ally, Y(c JIU ) is a 
ratio of polynomials in powers of e~ ; * , and we would like to express this as a sum of 
simpler terms of this type so that we can find the inverse transform of each term by 
inspection (together, perhaps, with the use of the frequency differentiation property of 
Section 5.3,8). The general algebraic procedure for rational transforms is described in 
the appendix. For ihi& example H if a ^ 0, the partial fraction eKpansmn of Y{e**) is of 
the form 

Equating the right-hand sides of eqs (5.53) and (5.54). we find that 



a-p' a - &' 

Therefore, from Example 5,1 and the linearity property, we can obtain the inverse trans- 
form of eq. (5.54) by inspection- 

a & a P {5.55) 

1 - i+l..r-l Qrt + l. 



■[a^'uM-P "EnJJ- 



For ot = j8 t the partial-fraction expansion in eq. (5,54) is not valid. However, in this 
case, 



1 - «e" JD 
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which can be expressed as 

As in Example 4 19, we can use the frequency differential on property, eq. (5.46] T 
together with the Fourier transform pair 

J 1 



I -ae '*• 
to conclude that 

To account for tile factor e m t we use the time-shifting property to obtain 

{n + Dft B+1 Mfii + 11 *^-> je> v ^- I l \ 

^ J ' J<u \l -ae-J-f 

and finally accounting for the factor l/a< in eq. (5.56). we obtain 

y[n\ = (fi ■+ l)a"u[ji + ]] f5.57J 

U is worth noting that, although the right-hand side i& multiplied by a step that begins 
at n = -1, the sequence (n + })a"u[tt + I] is still zero prior to n = 0, since thefacior 
i -f 1 is mo at n — - 1 Thus, we can alternatively express \[n] as 

y[n] - (n+ l)« B j*inf. f!58> 

As illustrated in the next example, the convolution property, along with other Fourier 
transform properties, is often useful in analyzing system interconnections- 
Example 5. 1 4 

Consider the system shown in Figure 5.18(a) with input *[/i] and output y[n\. The LTF 
systems with frequency response H t p[e JV ) are ideal low pass fillers with cutoff frequency 
■jt/4 and unity gaio in the passhand. 

Let u& first consider the top path in Figure 5.18(a). The Fourier transform flf the 
signal tviE*] can be obtained by noting th« (-1)* = eJ m so that V|[*J = ^'"^[n]. 
Using, the frequency- shifting property we then obtain 

The convolution proporty yields 

Since wt,[h] = ^ T "w 2 |>i], we can again apply ihe frequency-shifting property lo obtain 
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<a) 



1 



4 



it if 
4 



<b> 



Figure 5-18 (a) System interconnection for Example 5.14; (ft) trie overall 
frequency response for this system. 



Since discrete-time Fourier transforms are always periodic with period 2ir, 
Applying the convolution property to the lower path, we get 
From the Linearity property of the Fourier transform, we obtain 

Consequently, the overall system in Figure 5 18{a) has the frequency response 

Hie*) = [ff^(^«-* ) ) + //^<e / ")] 

which is shown in Figure 5. 18(b), 

As we saw in Example 5.1, Ht p (e Jif *~ m ) is the frequency response of an ideal 
highpa&s filter. Thus, the overall system parses both law and high frequencies and stops 
frequencies between these two pasabaitds. That is, the filter has what is often referred to 
as an ideal btmdsiop characteristic, where tbe stopband is the region tt/4 <; \&>\ < J-rrfA. 

It is important to note that, as in continuous time, not every discrete-time LTI system 
has a frequency response. For example, the LTI system with impulse response h[n] = 
2"u[raj does not have a finite response to sinusoidal inputs, which is reflected in the fact 
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that the Fourier transform analysis equation For h[n] diverges. However, if an LTI system 
is stable, then, from Section 2.3.7, its impulse response is absolutely sommable; that is, 



X Will < »■ 



(5,59) 



Therefore, the frequency response always converges for stable systems. In using Fourier 
methods, we will be restricting ourselves to systems with impulse responses that have well- 
defined Fourier transforms In Chapter 10, we will introduce an extension of the Fourier 
transform referred to as the z-transform that will allow us to use transform techniques for 
LTI systems for which the frequency response does not converge. 



5.5 THE MULTIPLICATION PROPERTY 



In Section 4.5. we introduced the multiplication property for continuous- time signals and 
indicated some of its applications through several examples. An analogous property exists 
for discrete-time signals and plays a similar role in applications. In this section, we derive 
this result directly and give an example of its use. In Chapters ? and S T we will use the 
multiplication property m the context of our discussions of sampling and communications. 
Consider y[n] equal to the product of x t [ri] and ^[nj t with Y{ef* t ), X}{e Jtr ), and 
X2(e Jw ) denoting the corresponding Fourier transforms. Then 



■H* 



or since 



W> = X J*M*" JW " = X *iM*2["le Ja> ". 



2*- J 3l7 



IV") = X *2M{^J Z *l(e'"Wff 



Interchanging the order of summation and integration, we obtain 



it follows that 



(5.60) 



(5.61) 



y(^") = 



J_ 
2*h, 



Xi(e J *) 



i: 



X ^Wr-^-^ 



d&. 



The bracketed summation is X2(e j(af ' &) ) 1 and consequently, eq. (5.62) becomes 






(5,62) 



(5,631 
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Equation (5.63) corresponds to aperiodic convolution of Xi(e^) and X2& JU \ and the 
integral in this equation can be evaluated over any interval of length 2ir, The usual form 
of convolution (in which the integral ranges from — » to +< x >) is often referred to as ape- 
riodic convolution to distinguish it from periodic convolution. The mechanics of periodic 
convolution are most easily illustrated through an example. 

Example 5.15 

Consider the problem of finding the Fourier transform Xie^") of a signal x[n] which i& 
[he product of two other signals; that is T 

x[n] ^ JC|[rt]jc z [rt], 

where 

w , sin{3Trn/4) 
J]In]= ™ 

and 

s\a{frti/2) 



x 2 [n] = 



TTfi 



From the multiplication property given in eq. (5.63). we know thaUt^-*" ) is the periodic 
convolution of X^e'**) and X 2 U^h where the integral im eq. (5.63) can be taken over 
any interval of length 2v. Choosing the interval -*■ < < it, we obtain 

XW) = irX(^W (4, - 9 V0. (5.64) 

Equation (5,64) resembles aperiodic convolution, except for the fact that the inte- 
gration is limited to the interval - v < ^ it. However* we can convert the equation 
tnto an ordinary coti volution by defining 



*(**)- [*<"■*> 



for —if <oi s ir 
otherwise 



Then, replacing X\{e**} in eq. {5.64) by #(^*) T and using the fact that Xt(e^) is zero 

for | | > tt, we sec that 

AT J-7T 

Thus, X. W) is l/2*r times ihe aperiodic convolution of the rectangular pulse J? i (e JV ) 
and the periodic square wave Xiie i1a \ both of which are shown in Figure 5. 19. The result 
of this con votution is the Fourier transform X^e^) shown in Figure 5.20. 
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Figure &.1? Jfi(e^) representing one period or X^d"), ant XzW). The 

Irnear comoFution or #i ■[**") and JfcfO corresponds to the peiodlc convolu- 
tion of ^(^)ard^(e^}. 



x^n 




Figure 5.20 Result of the periodic convolution in Example 5,15. 



5.6 TABLES OF FOURIER TRANSFORM PROPERTIES 
AND BASIC FOURJER TRANSFORM PAJR5 

In Tabic 5 J , we summarize a number of important properties of the discrete -time Fourier 
transform and indicate the section of the text in which each is discussed. In Table 5.2, we 
summarise some of the basic and most important discrete-time Fourier transform pairs. 
Many of these have been derived in examples in the chapter. 

5.7 DUALfTY 



In considering the continuous- time Fourier transform, we observed a symmetry or duality 
between the analysis equation (4,9) and the synthesis equation (4.8). No corresponding 
duality exists between the analysis equation (5,9) and the synthesis equation i, 5.8) for the 
discrete-time Fourier transform. However, there h a duality in the discrete-ume Fourier 
series equations (3,94) and (3.95), which we develop in Section 5,7.1, In addition, there is 
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TABLE 5.1 PRO^RTIES OF THE DfSCRETE-TlME FOUHfEft TRANSFORM 



Section Property 



Aperiodic Signal 



Fourier Transform 



5.32 
5.3.3 
5,3.3 
5.3 4 
5,3.6 


Linearity 
Time Shifting 
Frequency Slutting 
Conjugation 
Time Reversal 


5,17 


Time Expansion. 


5.4 


Convolution 


5.5 


NfultaplnjEihCiri 


5.1.5 


Differencing in Time 


5. .1.5 


Accumulation 



5.3.4 

5.3-4 
5.3.4 

5.3-9 



C^njugato Symmetry i«r 
Real Signak 



Symmetry for Real. Even 

Signals 
Symmetry for Real, Odd 

■Signals 
Even -odd Decumpcsinon 

ut Real Signals 



y[n] 

&.jc[n] + by[n\ 

A" - ^1 

e J#t > n x[n\ 

JTl-«J 

/ ^l^l- if " = muUiple of k 
\ 0, if n y 1 multiple of fc 

x[ft] * >-[«] 

.r[rtl_y[w] 

x[n] - jffn - 1] 



5.3.3 Differentiation in Frequency nx[n] 



x[n) tea) 

x[n] rCa3 an even 
]i[ft] real and odd 
Mr] - £*UM]} F4"l reajj 



PuStval's Rclauon for Aperiodic Signals 



X(e Jm )| periodic with 

¥(e^)\ period 2tt 

«jr(^ ,u ) + fry («'-"'■) 

— f ^c^iv^-"')^ 

(1 - e ' w )X(f ; ") 

— l — JT^") 
1 e -'" 

*Jf(* J ") - ?X{e J "~) 
^(e- 1 ™) real ami even 

X{e"") puiety imaginary and 
(Hid 

j&MMe*")} 



a duality relationship between the discrete-time Fourier transform and the continuous -time 
Fourier series. This iclation is discussed in Section 5.7.2. 



5.7.1 Duality in the Discrete-Time Fourier Series 

Since the Fourier series coefficients at of a periodic signal x[n] are themselves a periodic 
sequence, we can expand the sequence a k in a Fourier series. The duality property for 
discrete-time FourieT series implies that the Fourier series coefficients for the periodic se- 
quence a^ are the values of {MN)x[-n\ {i,e,, are proportional to the values of the original 



TABLE 5-2 BASIC DISCRETE-TIME FOURIER TRANSFORM PAIRS 



Signs] 



Fourier Transform 



Fourier Series Coefficients (If periodic) 






2v V a t $\t* - ~ 



*t 



^jftiai 



2tt ^> S (ft> — wq — 2-jtJ ) 



|a) £j = 



a* = 



1. k ■* m.m±N m±2K 



r otNerwiit 
|bj j£ irrational ^ The signal is flpcnodJC 



la) ctf D = ^ 



tnSfr>yrt 



it ^ {B(<tf - w,j - -ifl-J) -i- £(*. + Wn - lirli) 



0* 



U, otherwise 

lb) ^ irrational ^ The signaJ i-i iipenixb*: 



(-) "0 = *£ 



Sinft'nJT 



— ^ {£{w - ft^, -2-ffJ) - Situ + a. D - 271-1)) 



a* = 



*|fl] = 1 



2w ^T S( fr > 2ir(] 



^-. l=r,c<,V,j'i 2tf. . 



h otherwise 
|b) ^ inrjLiLiiuil =£► The signal is aperiodic 



I k=0,±N. ±2N. 
ft. otherwise 



FtenodiC square wave 
I, IjtI -i \'\ 



A»] = 

and 

fin +n\ = *[„] 



0, Af, < |jt| H N/1 



1ft J tfl.3 (Ll — j 



a t = 



*t 



51TlK27TJt/ J V)( J V t + hj 

^— jt y^ D ■+■ V ► "*AJ 

2Vl +- 1 



AT 



, A - 0. ±N.±2X. 



T *[n- twi 



2tt ^ / 2n-a 



ir t = — fur all* 
Af 



a"uln] h H< I 



. 1 - ag-i 1 " 



A«\ 






3tn[«(^| + {)] 

sin(wf2) 



i4Wii _ IV 



I) < W <1T 



{¥ 



[0, w < ^| ^ -jt 
X(w)pciK>dic with period 2-n 



61*1 



1 



"I"l 



_ t „ +■ X ,r ^* w - 2,rJt > 



*|fl - toJ 



,-;"*!! 



(it+ l)a"4JLfl]t \a\< 



(1 -ar"J") a 



^iF^ W<' 



<l-*w ^) r 
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signal, reversed in time). To see this in more detail, consider two periods sequences with 
period A r , related through the summation 

If we letm — jt and r = w, eq. (5.65) becomes 

Comparing this with eq. (3.95), w e see that the sequence f[k] corresponds to the Fourier 
series coefficients of the signal g[n]. That is, if we adopt the notation 

x[n] < * at 

introduced in Chapter 3 for a periodic discrete-time signal and its set of Fourier coeffi- 
cients, the two periodic sequences related through eq, (5.65) satisfy 

St«] ^ /[*]. (5.66) 

Alternatively, if we let m = n and r = -£, eq (5.<55) bccoires 

Comparing this with eq r (3.94), wc find Lhat ( tM)£{ - t] corresponds to the sequence of 
Fourier series coefficients of fin]. That is, 

iV 

As in continuous time, this duality implies that every property of the discrete-time 
Fourier series has a dual, For example, referring to Table 3.2, we see that the pair of prop- 
erties 



and 



^^^_ T[n] J^ aj ._ (569) 



are dual Similarly, from Lhe same table, we can extract another pair of dual properties: 

xtr\y\rt - r] ^—± Na k b^ (5. 70} 

and 

x{n\y{n] < — > ^ it s b t f (5 71) 
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In addition to its consequences for the properties or" discrete-time Fourier series, du- 
ality can often be useful in reducing the complexity of the calculations involved in deter- 
mining Fourier series representations. This is illustrated in the following example- 
Example S.I 6 

Con^der the following periodic signal with a period of N = 9 

1 s\n{5nn/9) 



x[n] = < 



. t f n¥= multiple of 9 

9 sm{7Tn/9) ^ ^ 

- n - multiple of 9 



In Chapter 3, we found thai a rectangular square wave has Fourier coefficieals in a form 
much as in eq r (5.T2), Duality, then, suggests that Ihe coefficients for x[n\ must be in the 
form of a rectangular square wave. To see this more precisely, let g{n] be a rectangular 
square wave with period N — 9 such that 

, n f I, |J!| S 2 

The Founer series coefficients h k for g[h\ can be determined from Example 3. 1 2 as 

1 sin(*TrJfc/9) 



b k = { 



-i , , ™-- * t* multiple of 9 

5 

- h k = mulhpleof9 



The Fourier wriet. analysis equation (3.95) for g[ti] can now be written as 

*i = I Zu *-*""•. 

t\ •■ - . 
Interchanging the names of the variables *afldn and noting that x[n] = b„, we find that 

Letting k ' => —k m the ium on the right side, we obtain 



»»-. = 



Finally, moving the factor 1/9 inside the summation, we see that the right side of this 
equation has the form of the «tynthe**is equation (3.94) for x[n]. We thus conclude that 
the Fourier coefficients of x[n] are given by 



ffA — 



^ f \f9, \k\ == 2 

" I G, 2 c |Jt| ^ 4, 

and, of course, are periodic wiih period /V - 9, 
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5.7,2 Duality between the Discrete-Time Fourier Transform 
and the Continuous-Time Fourier Series 

In addition to the duality for the discrete Fourier series, there i& a duality between the 
discrete -time Fourier transform and the continuous-time Fourier series. Specifically, let lis 
compare the continuous-time Fourier series equations (3.38) and (3 39) with the discrete- 
time Fourier transform equations (5.8) and (5.9). We repeal these equations here for con- 
venience: 

leq.(5.8)J x[a] = J- ( Jf(^) g >"'rf U| (5 73) 

2*r J2jt 

T TO 

[eq, (5.9)1 *(<?'">* ^ *^ "'""■ < 5 - 74 * 

n - = 

Ieq,(3.38)] *(r) = ^ a*^ w , (5 75) 

[eq.(3.39i] ^ = _ f X (rV ,lw " ! dt. (576) 

Note that cqs. (5.73) and (5-76) are very similar, as are eqs. (5.74) and {5.75), and 
in fact, we can interpret eqs, (5.73) and (5,74) as a Fourier series representation of the 
periodic frequency response X(e ja> ). In particular, since X(e Jt ") is aperiodic function of to 
with period 2tj\ it has a Fourier series representation as a weighted sum of harmonically 
related periodic exponential functions of w, all of which have the common period of 2-n\ 
That is, X(e J4 *) cart be represented in a Fourier series as a weighted sum of the signal-it 

e JW> \ n = U, ± L, ±2 From eq. (5.74), we see that the rtth Fourier coefficient in this 

expansion — i.e.. the coefficient multiplying e wn — is x[-n]. Furthermore, since the period 
of Xie Ji *) islir.eq. (5.73) can be interpreted as the Fourier series analysis equation for the 
Fourier series coefficient .*J>J— i.e., for the coefficient multiplying e'i*** in the express ipn 
for X{e^) in eq r (5.74). The use of this duality relationship is best illustrated with an 
example. 

Example 5. 17 

The duality between the discrete-time Founer transform synthesis equation and the 
continuous-time Fourier series analysis equation may be exploited to determine the 
discrete-time Fourier transform *if the sequence 

r , sin(w«/2) 
x[n] = 

TTti 

To use duality, we first must identify a vontinuous-time signal #(r> with period T = 2ir 
and Founer coefficients a k = x[Il). From Example 3.5 + we know that if ${t} ia aperiodic 
square wave with period 2ir (or, equivalent I y n with fundamental frequency &><* = 1 ) and 

with 



*»-{l i 



^ Ti 

Ti < \t\ £ TT ' 



then the Fourier series coefficients of g{i) are 
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a t = 






Consequently, if we Lake 7" L = it/2, we will have a* = x[k]. In this case the analysis 
equation for g(t) is 



sin TT 



til] 



trk 



■i fir | r t/I 



Renaming (asn and f as o>, we have 

sin(*™tt) 1 r a 



nn 



= _L f 



(L)e jri ~rf&>. 



(.5.77) 



Replacing n by -non both sides of eq. (5.77) and noting that the sine function is even, 
we obtain 

irrt 2irJ_ ara 

The right-hand &idc of this equation has the form of the Fourier transform synthesis 
equation for x{n\, where 



X\e J<1> ) = 



1 H ^ W2 



In Table 53, we present a compact summary of the Fourier series and Fourier trans- 
form expressions forborh continuous- time and discrete-time signals, and we also indicate 
the duality relationships that apply in each case. 



TABLE 5,3 SUMMARY OF FOURIER SERIES AND TRANSFORM EXPRESSIONS 



Cmrti nnuus time 



Discrete time 



Time domain 



Frfcquenty domain 



Time domain 



Frequency domain 



3.;: B fl*r 



tbi±Qt 



Fourier 

Scries 



continuous time 
periodic in time 



|-ouncr 
1 ran&fcrm 






i* = 
l 



Fj**^"'*"*" 



x(rtj = 



a* = 



discrete ["requenty F""—i discrete time <^dualitv^> dL&crele freque;nc> 

aperiodic in freqjency IJvv periodic in lime ^-j— --— w^ periodic in frequency 



Jf(j"wl = 



p 

continuous time <^duafitv V ^> tontLniKlUS frequency 
apcnodLC in tunc ^j~t — >*^ aperiodic i n frequency 






disc Fete time 
aperiodic Lntiroc 



Sri- Jhk" / "' B 

continuous frequency 
periodic m frequency 



5.S SYSTEMS CHARACTERIZED BY UN EAR CONSTANT-COEFFICIENT 
DIFFERENCE EQUATIONS 

A general linear cojistaiit-caemciejnt difference equation for an LIT system with input x[n\ 
and output y[n] is of the form 
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The class of systems described by such difference equations is quite an important and 
useful one. In this section, we take advantage of several of the properties of the discrete- 
time Fourier transform to determine the frequency response H{e i4 °) for an LTl system 
described by such an equation. The approach we follow closely parallels the discussion 
in Section 4,7 for continuous-time LTl systems described by linear constant-coefficient 
differential equations. 

There are two related ways in which to determine Hie^). The first of these, which 
we illustrated in Section 3,11 for several simple difference equations, explicitly uses the 
fact that complex exponentials are eigenfunctions of LTl systems. Specifically, if x[a] — 
e^ n is the input to an LTI system, then the output must be of the form H(e^)e^". Substi- 
tuting these expressions into eq. [5.78) and performing some algebra allows us to sol\e for 
Hie Jia ), In this section, we follow a second approach mating use of the convolution, linear- 
ity, and time-shifting properties of the discrere-time Fourier transform. LetXO-'"), K(e' w ), 
and H(e jM ) denote the Fourier transforms of the input x[n], output y[n] y and impulse re- 
sponse h[rt]i respectively. The convolution property, eq, (5.48), of the discrete- time Fourier 
transform then implies that 

Applying the Fourier transform to both sides of eq. (5. 7S) and using the fine-aril} and 
time-shifting properties, we obtain the expression 

A' M 

* = o k =u 



or equivalency, 






Comparing eq. (5 .SO) with eq, <4.76> T we see thai, as in the case of continuous time, H ie^') 
is a ratio of polynomials, but in discrete time the polynomials are in the variable e~f°. 
The coefficients of the numerator polynomial are the same coefficients as appear on the 
right side of eq. (5,78), and the coefficients of the denominator polynomial are the same 
as appear on the left side of that equation. Therefore, the frequency response t>f the LTl 
system specified by eq h (5,78) can be written down by inspection. 

The difference equation (5.78) is generally referred to as an tfth-grder difference 
equation, as it involves delays in the output y[ri] of up to N time seeps. Also, the denomi- 
nator ofH(e jt ») in eq. (5.80) is an Nth-order polynomial in e' & . 

Example 5. 1 8 

Consider the causal LTl system that is characterized by the difference equation 

y[n] -ayin- 11 = x[n], (5 SI) 
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with \a\ < 1. From e^, yS.KO), the frequency response of this system is 

H{e^) ^ , ! ^. <5.K2t 

Comparing this with Example 5.1, we recognize it as the Fourier transform of the se- 
quence a"u[rjj. Thus, the impulse response of the system is 

h[n] - a K u\n\ (5,S3i' 

Example 5. 1 9 

Consider a causal LTI system that is characterized hy the difference equation 

y[n] - !>-[*- 1] + |v[fl- 2] = 2x[n}. (5.84 I 

From eq, (5.80), the frequency response is 

We"") = % 2 , --. (S.BSi 

4 a 

As a first step in obtaining the impulse response, we factor the denominator of eq. (3. £5): 

Hie*") = : — j . (5.S6i 

H(e J<m1 } can be expanded by the method of partial fractions, as in Example A3 in the 
appendix. The result of this expansian is 

men = - y - j . (5.S7i 

The inverse transform of each term can be recognized by inspection, with (he resilt that 

The procedure followed in Example 5.19 is identical in style to that used in contin- 
uous time. Specifically, after expanding H{e Jaf ) by the method of partial fractions, we can 
find the inverse transform of each term by inspection* The same approach can be applied 
to the frequency response of any LTI system described by a linear constant-coefficient dif- 
ference equation in order to determine the system impulse response. Also, as illustrated in 
the next example, if the Fourier transform X{ e **" ) of the input to such a sy stem is a ratio of 
polynomials in e _jVl \ then Y(e iM } is as well. In this case, we can use the same technique 
to find the response y[ti\ to the input x[n\. 

Example 5.20 

Consider the LTI system of Example 5.19 t and let the input to this system be 

M"] = (\\ n[n]. 
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Then, using eq, \5&&) and Example 5.1 m 5,1 S, we obtain 

2 



Y(e' w ) =* HW)X{e' w ) = 



1 



(i - ^<? - fb, ki - i*~ ,iw >JLi "" \ e ~ JU * 

2 



(5.B0I 



As described in the appemliK, the form rf me parttal-ftaction expansion inthiscase is 






(5.90) 



where the constants Bn, Bij.sfid Bu can be determined using the techniques -described 
in the appendix. This particular expansion is worked out in detail in Example A.4, and 
the values obtained are 



ffi 



-4. ^i2 - -2. Bi\ = 



so that 






(5 9Jj 



The first and third terms ure of the same type as. those encountered in Example 5-19. 
while the second term is of tke same form as one seen in Example 5.13. Either from 
these examples wi from Table 5.2, we can invert each of the terms in eq. (5.91) to obtain 
the inverse transform 



An] = 



-'iT-»»»E-T»(i 



win]- 



i5.92) 



5.9 SUMMARY 



In this chapter, we have paralleled Chapter 4 as we developed the Fourier transform for 
discrete-utne signals and examined many of its important properties. Throughout the chaj> 
ler, we have seen a great many similarities between continuous-time and discrete -time 
Fourier analysis, and we have also seen some important differences. For example, Uie re- 
lationship between Fourier series and Fourier transforms in discrete time ts exactly anal- 
ogous to that in continuous time. In particular* our derivation of the discrete-time Fourier 
transform for aperiodic signals from the discrete- time Fourier series representations is 
very much the same as the corresponding continuous -time derivation. FuTthermore, many 
of the properties of continuous-time transforms have exact discrete-time counterparts. On 
the other hand* in contrast to the continuous-time case, the discrete-time Fourier transform 
of an aperiodic signal is always periodic with period 2ir. In addition to similarities and 
differences such as these, we have described the duality relationships among the Fourier 
representations of continuous-rime and discrete-time signals. 

The most important simjliarities between continuous- and discrete -time Fourier anal- 
ysis are in their uses in analyzing and representing signals and LTI systems. Specifically, 
the convolution property provides us with the basis for the frequency-domain analysis of 
LTT systems. We have already seen some of the utility of this approach in our discussion of 
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filtering in Chapters 3-5 and in t?ur examination of systems described by linear constant- 
coefficient differential or difference equations, and we will gain a further appreciation for 
its utility in Chapter 6, in which we examine filtering and time~versu&- frequency issue? in 
more detail. In addition, the multiplication properties in continuous and discrete time are 
essential to our development of sampling in Chapter 7 and communications in Chapter 8. 



Chapter 5 Problems 



The first section of problems belongs to the basic category and the answers are provided 
in the back of the book. The remaining three sections, contain problems belonging to the 
basic, advanced, and extension categories, respectively, 

BASIC PROBLEMS WITH ANSWERS 



5.1. Use the Fourier transform analysis equation (5.9) to calculate the Fourier transforms 
of: 

(a) (J)-"'«[«- J] (b> (|) ;rr " L| 

Sketch and label one period of the magnitude of each Fourier transform. 

5.2. Use the Fourier transform analysis equation [5,9) to calculate the Fourier transforms 
of: 

(a) B[n- \] + S[n+ 1] (b) $[n + 2] -S[n-2] 

Sketch and label one period of the magnitude of each Fourier transform. 

S, 3. Determine the Fourier transform for —ir ^ ^ < tt in the case of each of the fbl 
lowing periodic signals; 
(a) sin(fw+ J) (b) 2 + cosQrt+§) 

5.4. Use the Fourier transform synthesis equation (5.8) to determine the inverse Fourier 
transforms of: 

"£ = _j2irS(a* - 2?rfc) + 3tS(w - J - 27rJt) + irS{u> + I - 2nk)} 

< W ^ IT 
-IT <tO ^0 

5.5. Use the Fourier transform synthesis equation (5.8) to determine the inverse Fourier 
transform of X(e*") = |j£(*>)f e /*W% where 



(b) X2(***y = 



-(54* 



\X{e^)\ = 






and <X{e Jb> ) = - 



3oj 



Use your answer to determine tht^ values of n for which *[«] = 0, 
5.6. Given that x[n] has Fourier transform X(e^)^ express the Fourier transforms of the 
following signals in terms* of Xie^y You may use the Fourier transform properties 
listed in Table 5,1. 

(a) x\[n] = x[l - n] ■+■ x[— 1 - n] 

(b) x 2 [n] = ^-^ 1- J H 
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5.7. For each of the following Fourier transforms, use Fourier transform properties (Table 
5.1) to determine whether the corresponding time-domain signal is (i) real, imagi- 
nary, or neither and (ii) even, odd, or neither Do this without evaluating the inverse 
of an} of the given transforms. 

(a) X,0^) = e-**'Zll l (&mku>) 

(b) X z {e^) - /sim»OTs(5uj} 

(c) XiW) = A{w) + e f W** } where 



A{w) - 



a }<H^1 mlBM = -% + *. 



5& r Use Tables 5,1 and 5.2 to help determine x[n] when its Fourier transform is 

1 - £ J w \ SIR y J 

5.9. The following four facts are given ab&ut a particular signal x[n] with Fourier trans- 
form X(e^): 

1. 4nj = for rt > 0, 

2. x[0] > 0. 

3. ifm^f^)} *= sin*> - siri2a>. 

Determine x[n], 

5.10. Use Tables 5,1 and 5.2 in conjunction with the fact thai 

ft = -» 

to determine the numerical value of 

5.11. Consider a signal £]>! with Fourier transform G(e' w ). Suppose 

g[nl = Jc ( ^[nV 

where the signal j:[n] has a Fourier transform X(e Jta ) r Determine a real number a 
such that < a < 2k and G(e* v ) = G(f J(to-OJ ). 

5.12. Let 



i7B jrn 



where * denotes convolution and [&> c ) ^ it. Determine a stricter constraint on <w r 
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which ensures that 

■ y[ " ] = 1^-J ■ 

5,13. An LTI system with impulse response ft,[n\ = {^fuin] is connected in parallel 
with another causal LTI system with impulse response h 2 [n]. The resulting parallel 
interconnection has the frequency response 

-12 + 5e~ Jtt> 



Determine ^][fl]r 

5.14, Suppose we are given the following facts about an LTI system S with impulse re- 
sponse h[n] and frequency response H(e Ji *): 

1« {^""M — * £[*], where g[n] = for n > 2 and n < 0, 

2. H{e** n ) = 1. 

3, Hie***) = H{ttt**-^y 

Determine h[ri\. 

5.15. Let the inverse Fourier transform of y(e' w ) be 

f ■ \2 

y[ti\ = 



uhere < to f <. it. Determine the value of o> c which ensures that 

5.16. The Fourier transform of a particular signal is 

^-L\- L e -jk*-v12k1 
It can be shown that 

x[n\ = g[n]tf[n] t 

where g[n] is of the form a n u[n] and q[n] is a periodic signal with period A/. 
(at Determine the value of or. 

(b) Determine the value of M 

(c) Is jfn]real? 

5.17. The signal x[n\ = (-1)" has a fundamental period of 2 and corresponding Fourier 
series coefficients a*. Use duality to determine the Fourier series coefficients b k of 
the signal g[n] = a„ with a fundamental period of 2. 

5.18. Given the fact that 

1 — 2a cos w + a 2 
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use duality to determine the Fourier series coefficients of the following continuous- 
litnc signal with period T ■= \: 

*[t) = -- [ 



5 - 4cos(2iti)" 

5-19. Consider a causal and stable LT1 system S whose input x[n] and output y(n] are 
related through the second-order difference equation 

y\n) - pin - 1J - -y[n - 2] = x[nl 

(a) Determine the frequency response H{e^") for the system S. 
(h) Determine the impulse response h[n] for the system S. 

5.20* A cau&al and stable LTJ system 5 has the property that 

-J tfffl] — ^n - u{nl 

{a) Determine the frequency response ff{e jat ) for the system 5. 

(b) Determine a difference equation relating any input x[n] and the corresponding 
output y[ri\. 

BASIC PROBLEMS 

5.21, Compute the Fourier transform of each of the following signals: 

(a) x[n] = «[rt-2]-u[n-6] 

(b) jf[«] = (J)-*H[-n-l] 

<d) x{n\ = 2 Jl siiJ<fit)M[-n] 
(e) JfW = (A)l"lcos(f(n- l» 

(0 *M « [ * \ 3 " " * 3 
w L J [0, otherwise 

(g) j[«] = sin(^n) + cos(n) 

(h) x[n] = sin(^H) + cas(^rc) 

(i) x[n) - *[« - 6] T and x[n] = u[n] - u[n - 5] forO ^ n ^ 5 
(j) i[«j = („- ixi>""i 

5.22. The following are the Fourier transforms of discrete-time signals. Determine the 
signal corresponding to each transform. 



(al Xie'™) = 



1, l± k| ^ f 



(bj *(*'") = 1 -+■ 3e ' *<* + 2e- j2 ™ - 4e~ > ,3af + e~i inaj 
(c) X{e^) - e-*"* 1 for -7T ^ ^ ^ 7T 
{d) X(e«") = cos 2 w + sin 2 3™ 
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<e> X(e^) = i;...,(-iyS(» - 5fc) 



(fy X{e J *>) = 



I -U--* 1 



l « 

5,23* Let X(e ja> ) denote the Fourier transform of the signal x[n] depicted in Figure F5.23. 
Perform the following calculations without explicitly evaluating X[e Jt *); 
(a) Evaluate X(e J % 
(b> Fitkd<X(ei">). 
<c> Evaluate \^X(e Ja, )dw. 
<d> FindX^ 17 ). 

(e) Determine and sketch the signal whose Fourier transform is 6{&{x(lj)}. 
(0 Evaluate: 

<i) \\\X{e^\\ 2 d<# 



m j_" 



dm 



dot 



«lnj 



-3 



I 



TlT.TlT 



-2-1 12 3 4 5 6 



-1 



T 



Fig PS-Z3 

5,24. Determine which, ii any, of the following signals havs Fourier transforms that sat- 
isfy each of the following conditions: 

1. OU{X(ei«)) = 0. 

2. tfn^X^"*}} - 0- 

3. There exists a real a such that e^ at *X(t fia ) is real. 

4. \^X(e^)doi = 0. 

5. X{e J <°) periodic. 

6. X(^J°) - 0. 



(a) x[n] as 

(b) xjrtlas 

(c) *[*] = 

(d) *[*} = 

(e) *1*1 = 
(fl *[«] = 

(h) x[fj] as 



in Figure P5 .24(a) 
in Figure P5.24(b) 

5[rt- 1] + 5[fH-21 
&[n- l] + S[n + 3] 
in Figure P5,24(c) 
in Figure P5 .24(d) 
S[n - Lj - Sin + U 
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(b) 



2* 



x[n| 



-+ — *■ » ^ — 4 — * 1 1 • — * 



m: 



-+ — * — ■ — * — *- 



(tf 



m 



2 



..,'1,1 ,. 
11." 11 



• * 



Fig PS.24 

5-25, Consider the signal depicted in Figure P5 ,25, Let the Fourier transform of this signal 
be written in rectangular form as 

Xie j ") - A{&) + jB{ul 
Sketch the function of time corresponding to the transform 
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3* 



-2 1 



J 



2 3 4 5 



1 



-2* 

Fig PS.Z5 



-1 



5,26, Let x\[n\ he the discrete-time signal whose Fourier transform X-\[e J ^) is depicted 

in Figure P5. 26(a). 

(at Consider the signal xi\n] with Fourier transform X^U^), as illustrated in Fig- 
ure P5-2G(b). Express X2l*i\ in terms of x\ [it], [flint: First express Xi{e ito ) in 
ternis of A r [(e J " J ), and then use properties of the Fourier transform.] 

(b) Repeat part (a) for xi\n] with Fourier transform X${e J< *), as shown in Figure 
P5.26(c). 

<c) Let 

a- 
2 nx iW 



a = ^ 



T. xiW 



This quantity, which is the center of gravity nf the signd *| [n], is usually re- 
ferred to astherfWa> 'time of Xi[ft\> Find or, (You can do this without first deter- 
mining Jfi[n] explicitly.) 





GU{X, 
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Fig P5<26a 
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M<^ 




W 



x^m 




% 



( c ) FJg P5.Z6b,c 

(dj Consider the signal x^n] = *i [«| * hhh where 



ft[ii] = 



siti(7r/iy6) 



irn 



Sketch X 4 {e^y 

5,27. (a) Let x[ri] be a discrete-time signal with Fourier transform X(e ,ai \ which is il- 
lustrated in Figure P5.27. Sketch the Fourier transform of 

for each of the following signals p[n]: 
(i) p[n] = cos ?rn 
(ii) p[n] = cos{irn/2) 
(Hi) p[rj] = sin(7rn/2) 

(iv> />[«] = 2 fi [" " 2 *J 



A^ A . A -A 

■ 2tt — ft _ IL % tt 2it 4ir 



Fig P5.Z7 
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(bi Suppose that the signal w[«] of part (a) is applied as the input to an LTI system 
with unit sample response 

sin(W2) 
h[n] = , 

Determine the output y[ti\ For each of the choices of p[n] in part (a). 

5,28, The signals x[n] and g\n] arc known to have Fourier transforms X(e /C4j ) and G(f Jtth ), 
respectively. Furthermore, X{e jU ) and G(e itil ) arc related as follows 



~[ X\e j6 )G(e j(M -° } )dd = ! + *--'" (P5.28-1 

r " J —■ra- 



tal If x[n] = (— 1)™, determine a sequence g[n] such thai its Fourier transform 

G{eJ*>) satisfies eq. (P5,28-l). Are there other possible solutions for^[n]? 
(b) Repeat the previous part for x[n] — (^) n u[ri\. 

5 J9, (a> Consider a discrete-time LTI system with impulse response 

AM = f^) *[«]■ 

Use Fourier transforms to determine the response to each of the following input 
signals: 

(i) x[n] = (|)M*I 
(ii) x[ a ] = (n+l)(|) ft M [w] 
(iii) x[n] = {-!)" 
(h) Suppose that 



/![«] = 



1 \" (m 

2 cos T 



u[n]. 



Use Fourier transforms to determine the response to each of the following in- 
puts; 

(i) xln] = ({)Puln\ 
(ii) x[ti\ = cos(7rre/2) 
(c) Let x[n] and h[n] be signals with the following Fourier transforms: 

X(e ja> ) = 3e** + 1 - *-*» +2e~*** t 

H(e Ja> ) = €*<* + 2e 2jt " + e' 4 ™. 

Determine y[n] = x[n] * h[n]. 

5,30, In Chapter 4, we indicated that the continuous-time LTI system with impulse re- 
sponse 

W . fWt\ sin Wt 
h(t) = — sincf- 



17 \ TT J 7Tt 

plays a very important role in LTI system analysis. The same is true of the discrete- 
time LTI system with impulse respense 

W . (Wn\ smWn 
h[n} = — sine 



7T \ IT I TTtl 
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<a> Determine and sketch the frequency response for the system with impulse re- 
sponse h[n], 
(bl Consider the signal 

xln] = ami— 1-2 C0S I_ 

Suppose that this signal is the input to LIT systems with the following impulse 
responses Determine the output in each case, 
(i) h[n\ = v*^ 

(ii> M/?l — fc- 1 "' 7 ™^ 4. J-'n<TJt/2) 

(Sii) h[n] - iinjL5»^™^j 

(c) Consider an LTI system with unit sample response 

, r _ sin(7rn/3) 
h[n] =- 

TTJl 

Determine the output for each of the following inputs: 
(i) x[ «] = the square wave depicted in Figure P5,30 

a; 

(ii) x[n] = X S[n- Si] 

(iii) x[n] = (-1)" times the square wave depicted in Figure P5.30 
(iv) x[n] = 3[n+ l) + S[n~ 1] 



I H .,, 1 1111 11111"*' 11111 T TTTT ...1 T 

-■8 D B 16 n 

Fig P5.3G 

53\. An LTI system 5 with impulse response h[n] and frequency response H{e J **) is 
known to have the property that h when — zr S w (l ^ ir h 

coso»oM — * a» u CQS<*> n /t r 

(fl) Determine //(e^ ), 
(b> Determine h\ri}. 

532. Let hi [n\ and /i 2 [^] be the impulse responses of causal LTI systems, and let H } {e^) 
and H2(e Ji ") be the corresponding frequency responses. Under these conditions, is 
the following equation true in general or ool? Justify your answer. 



' ^ H t (e^)d4o]U- f" H 2 {e**yd<* 



2ir _ 



1 ( v 

Hi{e Jt ")H 2 (e^)dat- 

T — 7T 



2tt 
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5.33. Consider a causal LTT system described by the difference equation 

vfrt] + 2 y[rt ~ 1] = x[nl 

(a) Determine the frequency response H(e J ™) of this system. 

(b) What is the response of the system to the following inputs? 
(i) x[rt] = {{ru[n] 

(fi) x[n\= {-^Tu\n\ 

(iii) x\.n\ = £[*! + ^S\n - ]] 

(iv> jfin] - 8[n}-U[ n - 1J 

(c) Find the response to the inputs with the following Fourier transforms: 

(ti> X(e*») -|4" 



(iii) X(f}») = 



I 



<iv) X(e j n = 1 -h2e-^ w " 

5.34. Consider a system consisting of the cascade of two LTI systems with frequency 
responses 

2 - e'J™ 



1 + \e~^ 



and 



1 - ±e-J*> + \e~& 



(a) Find the difference equation describing the overall system. 

(b) Determine the impulse response of the overall system. 

535- A causal LTI system is described by the difference equation 

y[«] - ay\n — I] = bx[n] + x[n - ]]. 

where a is real and less than 1 in magnitude. 

(a) Find a value of b such that the frequency response of the system satisfies 

\H(£J»)\ = 1, for all u>. 

This kind of system is called an all-pass system* as it does not attenuate the 
input W"" 1 for any value of w. Use die value of b that you have found in the rest 
of the problem. 

(b) Roughly sketch <H(e^) > < <a ^ tt t when a - \. 

(c) Roughly sketch </f(^),0 ^ w ^ tt, when a = -\. 
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fd) Find and plot the output of this system with a = - 1 when the input is 

From this example, we see that a nonlinear change in phase can have a signif- 
icantly different effect on a signal than the time shift that results from a linear 
phase. 

5Jfr« (a) Let h[ri\ and g[n\ be the impulse responses of two stable discrete-time LT1 sys- 
tems thai are inverses of each, other. What is the relationship between the fre- 
quency responses of these two systems? 
(b) Consider causal LTI systems described by the following difference equations. 
In each case, determine the impulse response of the inverse system and the 
difference equation that characterizes the inverse. 



(0 
(H) 



y[n] = x[n\ - 



yin] + -J?[n- 



(IU) yln\ + iy\n- 

Civ) y[«] + ly[n - 

(v> y[n] + 5 -y[n- 

(vi) y\_n] +- h[n - 



] = x[n] 

] = xin]-±x[n- 1] 

] - iy[« - 2] = x\_n] - I^ffl - 1] - lx[n - 2] 



]- {y[n- 2J = x\_n}-±x[ti 
J ' ly[* ~2] = x[n] 



1] 



(c) Consider the causal, discrete-time LTT system described by the difference equa- 
tion 



y[n] + >U ~ I] + ^y[n - 2| = Jt[« - J] - *-x\n - 2\ 



(P5.36-1) 



What is the inverse of this system? Show that the inverse is not causal, Fi&d an- 
other causa] LTI system that is an "inverse with delay" of the system described 
by eq. (P5.36-1). Specifically, find a causal LTI system such that the output 
w[n\ in Figure P5 .36 equals x[n - I]. 



*M 



LTI system 

described by 



y!nj 



Causal 

LTI 
system 



w{nj 



FJg P5.36 



ADVANCED PROBLEMS 

537. Let X(e }M ) be the Fourier transform of x\ri). Derive expressions in terms ofX{e-"*) 
for the Fourier transforms of the following signals. (Do not assume that x[n] is real ) 

(a) 0M*[«]} 

(b) x*[-n] 

(c) fi^jfn]} 
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538. Let X{e {f *) be the Fourier transform of a real signal x[n]. Show thai x\t\) can be 
written as 



x{n\ = {j?(cu) cos cu + C(ti>)sinfc>}dct> 

Jo 

by finding expressions for B(w) and C(w) in terms* of X{e^"). 
5*39* Derive the convolution properly 

x\n\*h[n\ ^U X{e JU, }H{e**). 

5.40, Let jImJ and h\n\ be two Aignals, and let y{n\ = x[n] * h\n]. Write two expressions 
for ^[0], one (using the convolution sum directly) in terms of x{n\ and h\n] t and 
one (using the convolution property of Fourier transforms) in terms of K{e J ^) and 
/J(e /M ). Then, bv a judicious choice of n[rr], use these two expressions to derive 
ParsevaTs relation — that is. 

In a similar fashion, derive the following generalization of Paraevars relation: 

PI T, J—-T 

5.41 Let x[n\ be a periodic signal with period N. A finite- duration signal x[n] is related 
to .t[h] through 






r nJ = | -i-i- n-o ^ « == n + N - I 
rt otherwise 



for some integer iiy . That is T *l n] is equ al to i\ n] oyer one period and zero d se where . 

(a) rf £[rtj has Fourier series coefficients a t and jrfn] has Fourier transform X{e^\ 
show that 

regardless of the value of r^. 

(b) Consider the following two signals: 

■*["] = «["! — h[ji — 5] 

where N is a positive integer. Let a* denote the Fourier coefficients of x\n] and 

let X(e^) denote the Fourier trartsfc-rm of x[n]. 

(i) Determine a closed-form expression for Jf^^). 
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(ii) Using the result of part (i), determine an expression for the Fourier coeffi- 
cients a*. 

SA2. In this problem, we derive the frequency -shift property of the discrete-time Fourier 
transform as a special case of the multiplication- property. Let x[n] be any discrete- 
time signal with Fourier transform X(e Jt£j ), and let 

g[n\ = ^i[d] 

(a) I>eterrniiie and sketch the Fourier transform of 

p\ri\ = €*<***. 

(b) The multiplication property of the Fourier transform tells us that, since 

g[n] = p[n]x[tt] y 



£7T J<2,> 



Evaluate this integral to show that 

G(e J ™) = #<y< w -"">}. 

5-43, Let x\_n] be a signal with Fourier transform X(e^\ and let 

g[n) =A2n] 

be a signal whose Fourier transform is G(e jKt ). In this problem, we derive the rela- 
tionship between G(e JW ) and JffrJ™). 

(a) Let 

ill- 

Express the Fourier transform Vie** ) of v[n \ in terms of X( e '* ) , 

(b) Noting that v[n J ~ for n odd, show that the Fouriej transform of v[2n] is equal 
to V{e**), 

(c) Show that 

jc[2n] = v[2#r]. 
It follows that 

Now use the result of part (a) to express G(e^) in terms of Jt(e' w ). 
544, (a) Let 

xi[n] = cosl — J+sinf^ 
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bea signal, and let X] (e^) denote the Fourier transform of A| [«]. Sketch x l [n], 
together with the signals with the following Founer transform^ 
(1) X 2 {e^) = Jf,(^ M )eJ", Jw| < at 
(ii) Jt3(^"> = Xi{e^)e^ n . M < tt 
(b) Let 

be a continuous-time signal. Note that X] [n\ can be regarded as a sequence of 
evenly spaced samples of w(t)\ that i^ 



Show that 



and 



xdn] = w(nT). 



x 2 [n] = w(nT - a) 



xi\n] = w{nT — 



and specify the values of a and 0. From this result we can conclude that x 2 [n\ 
and _r 3 [n] are also evenly spaced samples of w(t). 

5.45, Consider a discrete-time signal x{n] with Fourier transform as illustrated in Figure 
P5.45. Provide dimensioned sketches of the following continuous-time signals: 

(a) jt,(f) =* T t ^_ v .x[n]e^ lrno * nt 

(b) X2(t\ = Y r ;,.^x[-n]e^^^ 



(ft*(X(0> 



1- 



<d-^t, ^1 ^ 



-2n 



I IT 2tt 



S»{X<ehl 



2 2 



Fig P5.45 
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<dl x 4 (r) = S^-^ffl^JtnJM 2 **'" 1 
5,46. In Example S.I, we showed that for |er| < 1, 

a H u[n) J l 



1 -ar^ 1 
(a\ Use properties of the Fourier transform to show that 



(1 -ae-J<*)2' 
{b\ Show by induction that the inverse Fourier transform of 

is 

5,47. Determine whether each of the following statements is true or false. Justify your 
answers. In each statement, the Fourier transform of x[n] is denoted by X(e ia> ) r 
GO If X{eJ<") = X{£&»-% then x[n] = Ofor |n| > 0. 
(b> lfX(e jat ) = Y{tf^"^),then jfn] = for \n\ > 0. 
(c) If X(ei») = X(e^ 2 \thenx[n] = Ofor |n| > 0. 
<d> If *<*/*■) « X^^), thcnjr[it] = for |n| > 0. 

5.48* We are given a discrete-time, linear, time-invariant, causal system with input de- 
noted by x[n] and output denoted by y[n]. This system is specified by the following 
pair of difference equations, involving an intermediate signal w[n]: 

yln] + -y[n - 1J + w[n] + -w[n - 1] = -x[nl 

yW ~ \y[n - 1] + 2w[«] - 2w[n - 1] ^ -jx[nl 

(a> Fuid the frequency response and unit sample response of the system. 
(b| Find a single difference equation relating x[n) and yln] for the system. 

5*49. (a) A particular discrete-time system has input x[n] and output y[n\. The Fourier 
transforms of these signals are related by the equation 

dX(e^) 
aw 

(t) Is the system linear? Clearly justify your answer. 

(ii) Is the system time invariant? Clearly justify Your answer. 

(lii) WMtisy[A}if;c[ff] - 5[nJ? 
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(h) Consider a discrete-time system for which the transform Y{e Jt *) of the output 
is related to the transform of the input through the relation 

f tt-Hr/4 

Find an expression for y[n] in terms of jr[n], 

5*50. (a) Suppose we want to design a discrete-time LTI system which has the property 
that if the input is 



then the output is 



yM -IjV^W 



(i) Find the impulse response and frequency response of a discrete-time LTI 

system that has the foregoing property. 
(ii) Find a difference equation relating *[n} and y[n] that characterises the 
system. 
(b) Suppese that a system has the response (1/4)" u[n] to the input {n + 2){ ]f2)*u[n]> 
If the output of this system is S[n] - {-\f2yu[a] t what is the input? 
5.51. (a) Consider a discrete-time system with unit sample response 

*M-(5j"M + l(iJ»M. 

Determine a linear constant-coefficient difference equation relating the input 
and output of the system, 
(o> Figure P5«5 1 depicts a block diagram implementation of a causal LTI system, 
(i) Find a difference equation relating x[n] and v[n]'for this system. 
<Ji) Whait is the frequency response of the system? 
(iii) Determine the system's impulse response . 



xjnj -' * (^ 

J L 



i , 1 '0 — KD 1 * '0 — - vi" 

■*■ — i . . . — -1— * 



*~T~-i 



_1 
-I 



Fig P5.S1 
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5.52. {a) Let h\n] be the impulse response of a real, causal, discrete-time LTI system. 

Show that the system is completely specified by [he Teal part of its frequency 
response. (Him: Show how h[n\ can be recovered from £v{A[n]}. What is the 
Fourier transform of Er{Ji|>]}?) This is the discrete-time counterpart of the real- 
part sufficiency property of causal LTI systems considered in Problem 4.47 for 
continuous -time systems, 

(b) Let h[n\ be real and causal. If 

(R-eiHie*™)} = 1 + ttcos2wia real), 

determine h[n] and H{e^). 

(c) Show that h[n\ can be completely recovered from knowledge of Sm{H{e^)} 
and/n[G]. 

<d) Find two real, causal LTJ systems whose frequency responses have imaginary 
parts equal to sin w . 

EXTENSION PROBLEMS 

5.53. One of the reasons for the tremendous growth in the use of discrete-lime methods for 
the analysis and synthesis of signals and systems was the development of exceed- 
ingly efficient tools for performing Fourier analysis of discrete-time sequences. At 
the heart of these methods is a technique that is very closely allied with discrete-time 
Fourier analysis and that is ideally suited for use on a digital computer or for im- 
plementation in digital hardware. This technique is the discrete Fourier transform 
(DFT) for finite- duration signals. 

Let x[n] be a signal of finite duration; that is, there is an integer N] so that 

x[n] = 0, outside the interval ^ n ^ N-\ — 1 

Furthermore, let X(e JM ) denote the Fourier transform of jc[«]. We can construct a 
periodic signal x[n] that is equal to x\n] over one period. Specifically, let N > N] 
be a given integer, and let x[n] be periodic with period N and such that 

x[n] - x[n], ^ n ^ N - I 

The Fourier scries coefficients for x[ri] are given by 

<jV> 

Choosing the interval of summation to be that over which x[n] *= x[n], we obtain 

1 A " ] 

tt = U 

The set of coefficients defined by eq. (P5.53-1 } comprise the DFT of x[n]. Specifi- 
cally, the DFT of x\n] is usually denoted by X[k] t and is defined as 
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. tf--i 
X[k) = a t = TT > ^[«lf -J**"**". Jt = O, ] /V - I <P5 53-2} 

The importance of the DFT stems from several facts. First note that the original 
finite duration signal can be recovered from its DFT Specifically, we have 

JV- I 

AlrtJ = ^Tx[k]e' H2 * /Si " t n = (U N-i {P533-3) 

Thus, the finite-duration signal can either be thought of as being specified by the 
finite set of nonzero values it assumes or by the finite set of values of X[ k] in its DFT. 
A second important feature of the DFT is that there is an exirernely fast algorithm , 
called the fast Fourier transform (FFT) t for its calculation {see Problem 5.54 for 
an introduction to this extremely important technique). Also, because of its close 
relationship to the discrete-time Fourier series and transform, the DFT inherits some 
of Eheir important properties. 

(a) Assume that Ff ^ N\. Show that 

X[k] - ±jX(e« MMi \ 

where X[k\ Is the DFT of x[n]. That is, the DFT corresponds to samples of 
Xfr 1 '") taken every 2irlN. Equation (P5<53-3) leads us to conclude that x[n] 
can be uniquely represented by these samples of X{e^). 

(b) Let us consider samples of X(ei a ) taken every 2tt/M t where M <N\. These 
wimples correspond tamore than one sequence of duration N\, To illustrate this, 
consider the two signals jt ( [n] and X2[n] depicted in Figure P5 53. Show that if 
we choose M = 4, we have 



Xl [e^ mi ) = X,_(^ 2 ^ 



for all values oik. 

*i I") x & [r\] 



I 1 I 

fc V l |*tt*»t- m i •• * , - a I I I . 

°l 53 _,1U^ 34 I 



-1 



5 6 



♦++- 



Fig PS. 5 3 

5,54. As indicated in Problem 5.53, there are many problems of practical importance in 
which one wishes to calculate the disciete Fourier transform <DFT) of discrete-time 
signals. Often, these signals are of quite long duration, and in such casei it Is very 
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important to use computationally efficient procedures. One of the reasons for the 
significant increase in the use of computerized techniques for the analysis of signals 
was the development of a very efficient technique known as the fast Fourier trans- 
form (FFT) algorithm for the calculation of the DFT of finite-duration sequences. 
In this problem, we develop the principle on which the FFT is based. 

Let x[n] be a signal that is outside the interval ^ n ^ N\ - \. For A ^ 
N\, the /V-point DFT of r[n] is given by 

, *-i 
xm ■■= - ^ jeM!*-'* 2 ™™'", k = 0, 1 N-l (P5.54-1) 

Jt = 

It is convenient to write eq. (P5.54-1 ) as 

where 

W^r = e -^ /N , 

(a) One method for calculating X[k] is by direct evaluation of eq. (P5.54-2). A 
useful measure of the complexity of such a computation is the total number of 
complex multiplications required. Show that the number of complex multipli- 
cations required to evaluate eq. (P5,54-2) directly^ for jt = 0, 1 N - I , is 

N 2 . Assume that xM is complex and that the required values of Wtf have been 
precomputed and stored in a table. For simplicity, do not exploit the fact that, 
for certain values of n and k, WJJ* is equal to ±1 or ± j and hence does not, 
strictly speaking, require a full complex multiplication. 

(b) Suppose.that /Vis even. Let f[n] = x[2n] represent the even-indexed samples 
of jc[ti\ T and let g[n] = x[2n + 1] represent the odd-indexed samples. 

(i) Sho w that _f[n J and g{rt\ are zero outside the interval ^ it ^ (N/2)- 1. 
(ii) Show that the Af-point DFT X[k) of j[n] can be expressed as 






where 



2 <W2)-i 

n = 
n=0 
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(iii) Show that, for all Jt N 



k+ 2 



•*? 



= GUI. 



Note that F[k], k =0,1 (Nf2) - 1, and G[A], k = 0, I h . . . , (V/2) - 

1, are the (#/2)-point DFTs of fin] and g(n], respectively. Thus, eq, 
(P5.54-3) indicates that the lengths DPT of x[n] can be calculated in 
terms of two DFTs of length Nil. 
(iy) Determine the number of complex multiplications required to compute 
X[kl k = 0, 1, % . . . AT - 1 , from eq. (P5.54-3) by first computing F[k) 
and G[fc]. [Make the .same assumptions about my Implications as in part (a), 
and ignore the multiplication* by the quantity 1/2 in eq. (P5,54~3j ] 
\c) If, like ,V, N/2 is even, then /[n] and g[n] can each be decomposed mto se~ 
quences of even- and odd-indexed samples, an<i therefore, their DFTs can be 
computed using the same process as in eq. (P5.54-3). Furthermore, if N is an 
integer power of 2, we can continue to iterate the process, thus achieving sig- 
nificant savings in computation time. With this procedure, approximately how 
many complex multiplications are required for N = 32, 256, 1 ,024, and 4 T 096? 
Compare this to the direct method of calculation in part (a). 

5-55. In this problem we introduce the concept of windowing, which is of greaumportance 
both in the design of LTI systems and in the spectral analysis of signals. Windowing 
is the operation of taking a signal *[*] and multiplying it by a finite- duration window- 
signal w[n]. That is, 

p[n] = x[n\w[n\. 

Note that p[n) is a^o of finite duration. 

The importance of windowing in spectral analysis stems from the fact that in 
numerous applications one wishes to compute the Fourier transform of a signal that 
has been measured Since in practice we can measure a signal x[n] only over a finite 
time interval (the time window), the actual signal available for spectral analysis is 

[ 0, otherwise 

where -M ^ n < Af is the time window. Thus, 

pin] = Jt[n]w[n] r 
where w[tj] is the rectangular window; that is. 



w[n] = 



\, -M ^ n ^ M 

h otherwise 



(P5,55^I) 



Windowing also plays a role in LTI system design. Specifically, for a variety of 
reasons (such as the potential utility of the FFT algorithm; see Problem P5-54). it is 
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often advantageous to design a system that has an impulse response of finite duration 
to achieve some desired signal -processing objective. That is, we often begin with 
a desired frequency response H{e fv ) whose inverse transform h[n] is an impulse 
response of infinite (or at least excessively long) duration. What i< required {hen 
is the construction of an impulse response g[n) of finite duration whose transform 
G{e JI *) adequately approximates H(c JU ) r One general approach to choosing g[n] is 
to find a window function w[ ri] such that the transf cnn of ft [ n ] w[ n ] meets the desired 
specifications for G{e Ja> }, 

Clearly* the windowing of a signal has an effect on the resulting spectrum. In 
this problem, we illustrate that effect- 
fa) To gain some understanding of the effect of windowing, consider windowing 
the signal 

x\_n} = ^ 5[n- jt] 

t — * 

using the rectangular window signal given in eq. (P5.55-1), 
(i) WhytisXtfJ")? 

(11) Sketch the transform of p[n\ = x[a\w[n] when M = I, 
(Ui) Do the same for M = 10. 
(b) Next, consider a signal x[ri] whose Fourier transform is specified by 

A; * * JO, tt/4<| w | se tt- 

Let p[n] = x[n]w[h\, where w[n] is the rectangular window of eq. 
(P5.55-1), Roughly sketch />{*'") for M = 4, 8, and 16. 
<c> One of the problems with the use of a rectangular window is that it introduces 
ripples in the transform F(e /tJi ). (This is in fact directly related to the Gibbs 
phenomenon.) For that reason, a variety of other window signals have been 
developed. These signals are tapered; that is, they go from to 1 more gradually 
than the abrupt transition of the rectangular window. The result is a reduction in 
the amplitude of the ripples in P(e Jar ) at (he expense of adding a bit of distortion 
in terms of further smoothing of X ( e ' w ) . 

To illustrate the points just made, consider the signal x[n\ described in part 
(b), and let p[n] = x[n]w[n], where w[n] is the triangular or Bartlett window; 
that is, 

[ 0, otherwise 

Roughly sketch the Fourier transform of p[ri\ = *[n]w[n] for M = 4, 8 T and 
16. [Hint: Note that the triangular signal can be obtained as a convolution of 
a rectangular signal with itself. This fact leads to a convenient expression for 
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(d) Let p[n] = 4/iM«]> where w[n] is a raised cosine signal known as the Han- 
ning window: i,C 



w[n] = 



r |{1 + cosOrn/An), -^ £ n < itf 
0. otherwise 



Roughly sketch Pie*") for A/ = 4 T 8, and 16. 

5.56. Let jr[m> n] be a signal that is a function of the two independent discrete variables 
m and n. In analogy with one dimension and with the continuous-time case treated 
in Problem 4.53, we can define the two-dimensional Fourier transform of xlttu n\ as 

X{e Ja, \e J ™*) = ^ ^ jc[m,n>" j * w '' r1 "* ,Jjr> (P5.56-1) 

la) Show that eq. (P5.56— l)can be calculated as two successive one-dimensional 
Fourier transforms, first in m, with n regarded as fixed, and then inn. Use thas 
result to determine an expression for x[m, n] in terms of Jf(^"', e JWl ). 

(b) Suppose that 

x[m, n] = a[m]b[n], 

where afiff] and £[n] are each functions of only one independent variable. Let 
A{e Ji " } and Bft?^ ) denote the Fourier transforms of a[m] and b[ «K respect i velv. 
Express Jf(*?^' 1 *^'=) in terms ofA(e* w ) and fl( *"""). 
(cj Determine the two-dimensional Fourier transforms of the following signals: 
(I) x[m,n] = S[m- l]S[n + 4] 

<iii) *[wi,rt] = (|j ,, coA(27rm/3)H£rtl 

1, -2< m< 2 and -4 <* < 4 
0. otherwise 

h -2+ft<m<2+Fiand-4<n<4 
0, otherwise 

fvi) x\m.n] = sin(^ + ^) 

(d) Determine the signal x\m, n\ whose Fourier transform is 



(iv) x[rti. it] = 
(v) x[m t rj) - 



*(*?'"' d *J^) 



J w j\ ^- 



1. < Jo>t| < ?r/4 and < |<o 2 s tt/2 
0. ff/4 < |oi ] [ < 7T or W2 < ]&,] < tt 



(e) Let x[m t ri\ and /i|m, n] be two signals whose two-dimensional Fourier trans- 
forms are denoted by X{e^ r e^-) and H{e Jtii \e Jtit *-\ respectively. Deter- 
mine the transforms of the following signals in terms of X(e^ e J ^) and 

(I) x[rn,n]e J * i,n e jWitt 

(ii) fan! -\$ trl !j™ = ""«i»-2r 

[0, it m is not a multiple of 2 or /r is not a multiple of 3 

(liil y[nt,n] = x[m,n]h[m t n] 



6 



Time and frequency 

characterization 

of signals and systems 




6.0 INTRODUCTION 

The frequency -domain characterization of an LTl system in terms of it* frequency re- 
sponse represents an alternative to the time-domain characterization through con volution. 
In analyzing LTI systems, it is often particularly convenient to utilize the frequency do- 
main because differentia] and difference equations and convolution operations in the time 
domain become algebraic operations in the frequency domain. Moreover, concepts such as 
frequency-selective filtering are readily and simply visualized in the frequency domain. 
However, in system design, there are typically both time-domain and frequency-domain 
cons i derations. For example, as we briefly discussed in Examples 4, 1 8 and 5.12, and as we 
will illustrate in more detail in this chapter, significant oscillatory behavior in the impulse 
response of a frequency-selective filter may be undesirable T and consequently, we may 
wish to sacrifice the level of frequency selectivity in a filter in order to meet the required 
tolerances on impulse response behavior. Situations such as this are the rule rather than 
the exception in practice, as in most applications we would like to specify or constrain 
certain characteristics of a system in both the time domain and the frequency domain, 
frequently resulting in conflicting requirements. Hence, in system design and analysis, it 
is important to relate time-domain and frequency -domain characteristics and trade-offs. 
Introducing these issues and relationships is tlje primary focus of the chapter. 

6. 1 THE MAGNrTUDE PHASE REPRESENTATION OF THE FOURIER TRANSFORM 

The Fourier transform is in general complex valued and, as we discussed, can be repre- 
sented in terms of its real and imaginary components or in terms of magnitude and phase, 

423 
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The magnitude -phase representation of the continuous- time Fourier transform X(Jai) is 

X(j<*>)= \X(jw)\e^ x W (6 J) 

Similarly the magnitude-phase representation, of the discrete-time Fourier transform 

X(e^)i$ 

X{e J ") = \X(eJn\e J< **' J "\ (6.2) 

In the following discussion, we concentrate for the most part on the continuous-time Case 
in describing and illustrating several points, related to magnitude -phase representations. 
The essential points apply equally to the discrete-time case. 

From the Fourier transform synthesis equation (4.8), we can think of X{j&) as pro- 
viding us with a decomposition of the signal *{t) into a *sunT of complex exponentials at 
different frequencies. In fact, as discussed in Section 4.3.7, }XXjto)\ 2 may he interpreted 
as the energy-density spectrum of x(j% That is, \X(jw)\ 2 di<>f2'rr can be thought of as the 
amount of energy in the signal x{t) that lies in the infinitesimal frequency band between 
t& and w ■+■ do?. Thus, the magnitude JJ((/w)] describes the basic frequency content of a 
signal— i.e., |X(jcu}| provides us with the information about the relative magnitudes of the 
complex exponentials that make up *(/)* For example, if \X[ j<a)\ = outside of a small 
band of frequencies centered at zero, then j(f) will display orjiy relatively low- frequency 
oscillations. 

The phase angle <X{jw\ on the other hand, docs not affect the amplitudes of the 
individual frequency components, but instead provides us with information concerning the 
relative phases of these exponentials. The phase relationships captured by %.X(j<it) have 
a significant effect on the nature of the signal x{t) and thus typically contain a substan- 
tial amount of information about the signal. In particular, depending upon what this phase 
function is, we can obtain very different-looking signals* even if the magnitude function 
remains unchanged. For example, consider again the example illustrated in Figure 3 J. In 
this case, a ship encounters the superposition of three wave trains, each of which can he 
modeled as a sinusoidal signal. With fixed magnitudes for these sinusoids, the amplitude 
of their sum may be quite small or very iarge, depending on the relative phases. The im- 
plications of phase for the ship, therefore, are quite significant. As another illustration of 
the effect of phase, txmsider the signal 

1 ? 

■*(') = 1 + -y cos(2irf + 4>] ) + cos(4;rr + <fc) + ~ cos(67rr + c£ 3 ). (6.3] 

In Figure 3.4, we depicted x(t) for the case when <fn *= ^ ~ £ 3 = 0. In Figure 6. 1 h we 
illustrate x(t) For this cast also And for several other choices for the phase of the individual 
components. As this figure demonstrates, the resulting signals can differ significantly for 
different relative phases. 

In general, changes in the phase function of X(jtii) lead to changes in the time- 
domain characteristics of the signal x(t) In some instances phase distortion may be 
important, whereas in others it is not. For example, a well-known property of the auditory 
system is a relative insensitivity to phase. Specifically, if the Fourier transform of a spoken 
sound (&.g., a vowel) is subjected to a distortion such that the phase is changed but the 
magnitude is unchanged, the effect can he perceptually negligible, although the waveform 
in the time domain may look considerably different. While mild phase distortions such as 
those affecting individual sounds do not lead to a loss of intelligibility, more severe phase 
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Figure 6.1 The signal jr(f) given in 
eq. (6.3) for several dtffererrt choices 

erf the pfiase angles fr . <&?, and <fo. 
fa) <*, - <fc ^ <fe = 0; (b) 
<b = 4 rad, cfo = 3 rad, <k ■= 12 rad, 
(c) (fa = 6 rad, <fo — -2.7 rad, <fc = 
0.93 rad H (d) *i = 1.2 rad, <fe - 4.1 
rad, fa = -7.02 rad 



distortions of speech certainly do. As an extreme illustration, if x{t) is a tape recording of a 
sentence, then the signal jt(— f) represents the sentence played backward. From Table 4. 1 , 
assuming x(t) is* real valued, the corresponding effect in the frequency domain is to replace 
the Fourier tranr-form phase by its negative: 

Thai is, the spectrum of a sentence played in reverse ha*- the same magnitude function as 
the :*pet:triirn of the original sentence and differs only in phase Clearly, this phase change 
has a significant impact on the intelligibility of the recording. 

A second example illustrating the effect and importance of phase is found in examin- 
ing images. A* we briefly discussed inChapter3, a black and- white picture can bethought 
of as a signal x{'-\, fr), with '] denoting the horizontal coordinate of a point on the picture, 
Tt the vertical coordinate, and x(K < 3 ) the brightness of the image at the point {t\ , t^). The 
Fourier transform X(ju> \, J&2) of the image represents a decomposition of the image into 
complex exponential components of the form e iia f *e Jt " 2tl that capture the spatial varia- 
tions of x(t\ T t 2 ) at different frequencies in each of the two coordinate directions Several 
elementary aspects of two-dimensional Fourier analysis are addressed in Problems 4.53 
and 5,56. 

In viewing a picture, some of the most important visual information is contained in 
the edges and regions of high contrast. Intuitively, regions of maximum and minimum 
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inteusit> in a picture are places at which complex exponentials at different frequencies are 
in phase. Therefore, it seems plausible to expect the phase of the Fourier transform of a 
picture to contain much of the mforraationinthe picture, and in particular, the phase should 
capture the information about the edges. To substantiate this expectation, in Figure 6.2(a) 
we have repeated the picture shown in Figure 1 A In Figure 6.2(b) we have depicted the 
magnitude of the two-dimensional Fourier transform of the image in Figure 6.2(a), where 
in this image the horizontal axis is ti)\ t the vertical is <u^ and the brightness of the : ma ge- 
ar the point (<u ]t <o 2 ) is proportional to the magnitude of the transform X{ju>\, ;<*>:) of the 
image in Figure 6.2(a). Similarly, the phase of this transform is depicted in Figure 6.2(c). 
Figure 6.2(d) is the result of setting the phase [Figure 6 2{c)] of X(jgj | f jw;> tc zero (with- 
out changing its magnitude) and Inverse transforming. In Figure 6.2(e) the magnitude of 
X{ja>-\, j(V2) was set equal to J, but the phase was kept unchanged from what it was in 
Figure 6.2(c). Finally, in Figure 6.2(f) we have depicted the image obtained by inverse 
transforming the function obtained by using the pha*e in Figure 6.2(c) and the magnitude 
of the transform of a completely different image — the picture shown in Figure 6.2(g)! 
These figures clearly illustrate the importance of phase in representing images 
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Figure 6.2 (a) The image shown in Figure 1 4; 
(h) magnitude of the two-dimensional Fourier 
transform of (a); (c) phase of the Fourier trans- 
form of (a) j (d) picture whose Fourier transform 
has magnitude as in i b) and phas* equal to zero; 
(«) picture whose Fourier transform has magnitude 
equal to 1 and phase as in (c); (f) picture whose 
Fourier transform has phase as in (c) and magni- 
tude equal to that of the transform of the picture 
shown in (g). 



6.2 THE MAGNJTUDE-PHASE REPRESENTATION 

OF THE FREQUENCY RESPONSE OF LTI SYSTEMS 

From the convolution property for continuous-time Fourier transforms, the transform 
KQVu) of the output of an LTI system is related to die transform X(j<a) of the input to the 
system by the equation 

where H(jai) is the frequency response of the system— i.e., the Fourier transform of the 
system's impulse response. Similarly, in discrete time, the Fourier transforms of the input 
X(t?*») and ouput Y (<?'**) of an LTI system with frequency response ff (*>*) are related by 



Yte^) = Hte'^XWl 



(6.4) 



Thus, the effect that an LTI system, ha* on the input is to change the complex ampli- 
tude of each of the frequency components of the signal. By looking at this effect in terms 
of the magnitude-phase representation, we can understand the nature of the effect in more 
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detail. Specifically, in continuous time, 

|y(;w)| = |tf(;«)|[X(>i)| (6.5) 

and 

<Y(jta) = <H(jtu} + <X(ja>) f (6.6) 

and exacdy analogous relationships hold in the discrete-time case. From eq. (6.5), we see 
that the effect an LTI system has on the magnitude of the Fourier transform of the sys- 
tem is to scale it by the magnitude of the frequency response. For this reason, |//(ju)| (oi 
\H(e ja, )\) is commonly referred to as the gain of the system. Also, from eq. (6.6), we see 
that the phase of the input <X{jiit) is modified by the LTI system by adding the phase 
•£H(jti)) to it and <//(;&>) is typically referred to as the phase shift of the system. The 
phase shift of the system can change the relative phase relationships among the compo- 
nents of the input, possibly resulting in significant modifications to the time domain char- 
acteristics of the input even when the gain of the system is constant fur a|] frequencies. 
The changes in the magnitude and phase that result from the application of an input to 
an LTI system may be either desirable, if the input signal is modified in a useful way, or 
undesirable, if the input is changed in an unwanted manner. In the latter case, the effects 
in eqs, (6.5) and (6-6) arc commonly referred to as magnitude and phase distortions. In 
the following sections, we describe several concepts and tools that allow us to understand 
these effects a bit more thoroughly, 

6,2. 1 Linear and Nonlinear Phase 

When the phase shift at the frequency u> is a linear function of a>, there is a particularly 
straightforward interpretation of the effect in the time domain. Consider the continuous- 
time LTI system with frequency response 

H(jo>) = e-'"\ (6,7) 

so that the system has unit gain and linear phase — i.e., 

\H(jaf)\ - 1, <H(jw) = -w/ 0l (6.8) 

As shown in Example 4.15, the system with this frequency response characteristic pro- 
duces an output that is simply a time shift of the input — ie„ 

y(t) = x(t - to). (6.9) 

In the discrete-time case, the effect of linear phase is similar to that in the continuous- 
time case when the slope of the linear phase is an integer. Specifically^ from Example 5 11, 
we know that the LTI system with frequency response e~ jafn ° with linear phase function 
-of flo produces an ouput that is a simple shift of the input — i e. t y[n\ = x[n - /i ft | . Thus, a 
linear phase shift with an integer slope corresponds to a shift of x[n] by an integer number 
of samples. When the phase slope is not an integer, the effect in the time domain is stime- 
what more complex and is discussed in Chapter 7, Section 1,5 Informally, the effect is a 
time shift of the envelope of the sequence values, but the values themselves may change. 
While linear phase shifts lead to very simple and easily understood and visualized 
changes in a signal, if an input signal is subjected to a phase shift that is a nonlin- 
ear function of w, then the complex exponential components of the input at different 
frequencies will be shifted in a manner that results in a change in their relative phases 
When these exponentials are superimposed, we obtain a signal that may look considerably 
different from the input signal. This is Illustrated m Figure 6.3 in the continuous -time case. 
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In Figure 6. 3 (ah we depict a signal that is applied as the input to three different systems. 
Figure 6.3{h) shows the output when the signal is applied as input to a system with fre- 
quency response H\ (jot) = e J wr «, resulting in an output that equals the input delayed by 
/(i seconds In Figure 6.3(c), we display the output when the signal is applied to a system 
with unity gain and nonlinear phase function— i e., 

where <ft;( jclO Ls a nonlinear function of to. Figure 6.3(d) shows the output from another 
system with nonlinear phase. In this case* the corresponding frequency response has a 
phase shift that is obtained by adding a linear phase term to <tfi(jtu) — i.e., 

Hitjut) - H 2 <j&>)? " 1 " ,J . (6.11) 

Thus, the output in Figure 6 Jtd) can be thought of as the response to a cascade of the 
system H^{jm) followed hy a time shift, so that the waveforms in Figures 6.3(c) and (d) 
arc related through a simple time shift. 

In Figure f>A we illustrate the effect of both linear and nonlinear phase in the 
discrete-time case. Once again, the signal in Figure 6.4(a) is applied as the input to three 
differcnL LTl systems, all with unity gain (i.e., \H(e !t ")\ = 1). The signals in the subse- 
quent parts of Figure 6.4 depict the corresponding outputs. In the case of Figure 0.4(b), 
the system hai linear phase characteristics with integer slope of -5, so that the output 
equals the input delayed by 5. The phase shifts for the systems associated with Figures 
6.4(c) and (d) are nonlinear.butthedLfferencebetweenthesetwopha.se functions is linear 
with integer slope so that the signals in Figures 6 4(c) and {d> are related by a time shift. 

Note that all the systems considered in the examples illustrated in Figures 6.3 and 6 4 
have unity gain, so that the magnitude of the Fourier transform of the input to any of 
these systems is passed through unchanged by the system. For this reason, such systems 
are commonly referred to as ail-pass systems. The characteristic^ of an all-pass system 
are completely determined by its phase-shift characteristics. A more general LTl system 
tf(/oj)or//(^>, of course, imparts both magnitude shaping through the gain \H{jw)\ or 
\H(e J ™)\ and phase shift that may or may not be linear. 

6.2.2 Group Delay 

As discussed in Section 6.2, 1 , systems with linear phase characteristics have the particu- 
larly simple interpretation as time shifts. In fact, from eqs. (6.8) and (6.9), the phase slope 
tells us the size of the time shift. Thit K in continuous time* if <H(j<o) = -tot^ then 
the system imparts & time shift of -f<i or, equLvatently, a delay of i,,. Similarly, in discrete 
time, <//(^ Jfth ) = —wftu corresponds to a delay of n () . 

The concept of delay can be very naturally and simply extendad to include nonlin- 
ear phase characteristics. Suppose that we wish to examine the effects of the phase of a 
continuous-time LTJ system on a narrowband input — i,e., an input x(t) whose Fourier 
transform is zero or negligibly small outside a small band of frequencies centered at 
ti> *= wo. By taking the band to be very small, we can accurately approximate the phase 
of this system in the band with the linear approximation 

<H(jw) - -<£- va. {G.12) 
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Figure 6,4 (a) Discrete-time signal 
that is applied as input to several sys- 
tems for which the frequency response 
has unity magnitude; (b) response for 
a system w-fth linear phase with slope 
of -5; (c) response tor a s/stem Mtfi 
nonlinear phase; and (d) response for 
a system whose phase characteristic 
is that of part (c) plus a linear phase 
term with integer slope. 
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so that 

Y(jtii) - X{jw)\Mtja)\e ; *f ,M " . :6.13) 

Thus, the approximate effect of the system on the Fourier transform of this narrowband 
input consists of the magnitude shaping corresponding to \H{jn>)\, multiplication by an 
overall constant complex factor e ' ^ and multiplication by a linear phase term e~ ja>a 
corresponding to a time delay of a seconds. This time delay is referred to as the group 
delay at w = wo. as it is the effective common delay experienced by the srnall band or 
group of frequencies centered at &> = &><)- 

Thc group delay at each frequency equals the negative of the slope of the phase ai 
that frequency; i,e.. the group delay is defined as 

Tito) = ^jL{^H{jia)). (6.14) 

The concept of group delay applies directly to discrete-time systems as well. In the nexl 
example we illustrate the effect of non-constant group delay on a signal. 

Example 6. t 

Consider the impulse response of an all-pas^ system with a group delay that varies with 
frequency. The frequency response Hijw) for our example is the product ufthrce factors: 

r- t 

where 

_ l + ^Hf^frftQ 

ui = 3 1 5 rad/sec and £j ^ D.D66, 
wi = 941 rad/scc and£ 2 = D.033, 
wi = I8SS radVsec and£\ = 0.O5S. 

!t is often useful to express the frequencies <j; measured in radians per second in term*, 
of frequencies / measured in Hertz, where 

*>j = 2ir/ r . 

In this case, 

/i -5UHz 
h -150 Hz 
A =- 300 Hz. 

Since the numerator of each of the factors H t {jai) is the comple* conjugate of 
the corresponding denominator, it follows that \H,(jw)\ = 1-Consexjuently. we may also 
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conclude thai 

The phase for each HAJ&) can be determined from eq. <6.15); 

2£, fru'iu,) I 



<H,(/(u) = -2ar:tan 
anJ 



] - (u/ti,)' J 



.1 



4Zf<» - y <HAjto\. 



■- 1 



If the valuer of <//(/&>) are restricted to lie between — tt and it, wc pbKiin the principal- 
phase function (i*-. the phase modulo 2tt), as shown in Figure 6,5(aj where we have 
plotted the phage versus frequency measured in Hertz. Note thut this function con- 
tains discontinuities of size 2ir at various frequencies* making the phase function non- 
differentiable at those points. However, the addition or subtraction of any integer multiple 
of 2vr to the value of the phase at any frequency leaves the original frequency response 
unctunged. Thus, by appropriately adding or subtracting such integer multiples of 2tt 
from various portions of the principal phase, we obtain the unwrapped phase in Fig- 
ure -6.5(b). The group delay as a function of frequency may now be computed as 

where <[H{jai}] represents the unwrapped-phase function corresponding to H{jto). A 
plot of r{ai) is shown in Figure 6.5(c), Observe that frequencies in the close vicinity of 
50 Hz experience greater delay than frequencies in the vicinity of 150 Hz or 100 Hz. The 
effect of such noncon slant group delay can also be qualitatively observed in the impulse 
response (see Figure 6.5(d)) of the LT1 system. Recall that IF{£(0} = 1 The frequency 
components of the impulse are all aligned in lime in such it way that they combine to 
form the impulse, which is, of course, highly localized in time. Since the all-pass system 
has tuncoofitarU group delay, different frequencies in the input are delayed by different 
amounts. This phenomenon, is referred to as dispersion Ir. the current example, the group 
delay is highest at 50 Hz, Consequently, we would eKpetf the latter parti of the impulse 
response to oscillate at lower frequencies near 50 Hz. This clearly evident m Figure 
6.5(d). 

Example 6.2 

Nonconstant group delay is among the factors considered important for assessing the 
transmission performance of switched telecommunications network*, lu a survey 1 in- 
volving locations all across the continental United Slates, AT&T/Bell System reported 
group delay characteristics for various categories of toll calls. Figure 6.6 display* some 
of the results of this study for two such classes. In particular, what is plotted in each 
curve in Figure 6.6(a) is the nenconstant portion of the group delay for a specific cate- 
gory of toll calls. That is, for each category, a common constant delay corresponding (o 

'"Analog Transmission Performance on the Switched Telecommunications Network, 1 by F P Puffy 
and T. W. Thatcher, Jr., in the Belt System Technical Jeutiml, vol. 50, no. 4 h April. 1971. 
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Figure 6.5 Phase, group delay, and impulse response for the atl-pass sys- 
tem of Exanple ; ia) pnrcipal phase; (b) unwrapped phase; (c) group delay; 
(d) Jmpufse response. Each of these quantities is plotted versus frequency 
measured in Hertz. 
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Figure fc,6 (a) Non-constant portion Off the group delay; and <t>} fr&quency re- 
sponse magnitude as functions of frequency for short- and medium-distance toll calls 
in switched telecommunications networks [after Duffy and Thatcher). Each of these 
quantities is plotted versus frequency measured in Hertz. Also, as is commonly done 
in practice, the magnitudes of the frequency responses are plotted using a logarithmic 
scale in unite of decibels. That is h what is plotted in (o) is 20log lo \H{jw)\ for the fre- 
quency responses corresponding to short- and medium-distance toll calls. The use of 
this logarithmic scale for the frequency-response magnitudes Is discussed in detail m 
Section 6.2.3. 



the mini mum ofthe group delay over all frequencies has been ^ubtracied from the group 
delay, and the requiring difference is plotted, in Figure 6 r 6[a) r Consequently, each curve 
-Ji Figure 6,6<a> represents the additional delay (beyond thib common constant delay) 
experienced by the different frequency components of tall calls within each category. 
The curves labeled SHORT and MEDIUM respectively represent the results for short- 
distance (0-180 airline miles) and medium-distance (1EG-725 airline mitcsj toll tails. 
The group delay as a function of frequency is seen to be lowest at 1 r 700 Hi and increases 
nionotonically as we move away from that figure in either direction. 

When the group delay characteristics illustrated in Figure 6,6(a) are combined 
with the characteristics of the magnitude of the frequency rc&ponbe reported in the same 
AT&TfiBdlSystemsurvey and shown in Figure 6.6(b), weubtain impulse reponses of the 
cype shpwn in Figure 6.7. The impulse response in Figure 6, 7(a) corresponds to the short- 
distance category. The very low- and very high-frequency components of the response 
occur earlier than the components in the mid- frequency range. This is compatible with 
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Figure 6.7 hi pulse responses associated with the group defay ard magnitude char- 
acteristics in Figure 6,6; fa) impulse response corresponding to the short-distance cate- 
gory of toll calfs; [b] impulse response for the medium-distance category 



the corresponding group delay characteristics in Figure 6 6(a) Similarly, Figure 6 7(b) 
illustrates the same phenomenon for the impulse response corresponding to medium- 
dl] stance toll calls. 



6.2.3 Log-Magnitude and Bode Plots 

In graphically displaying continuous-time or discrete-time Fourier transforms and system 
frequency responses in polar form, it is tiften convenient to use a logarithmic scale for the 
magnitude of the Fourier transform. One of the principal reasons for doing this can be seen 
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from cqs. (6.5) and (6.6), which relate the magnitude and phase of the output of an LTI 
system 10 those of the input and frequency response. Note that the phase relationship is 
additive, while the magnitude relationship involves the product of \H(jw)\ and |X(jw)j L 
Thus, if the magnitudes of the Fourier transform are displayed on a logarithmic amplitude 
scale, eq. (6.5) takes the form of an additive relationship, namely, 

lag|y<»| - log|/J(/w)| + iog|JfO)i ((516) 

with an exactly analngpus expression in discrete time. 

Consequently, if we have a graph of the log magnitude and phase of the Fourier 
transform of the input and the frequency response of an LTI system, the Fourier transform 
of the output is obtained by adding the log-magnitude plots and by adding the phase plots. 
In a similar fashion, since the frequency response of the cascade of LTI systems is the 
product of the individual frequency responses, we can obtain plots of the log magnitude and 
phase of the overall frequency response of cascaded systems by adding the corresponding 
plots for each of the component systems. In addition, plotting the magnitude of the Fourier 
transform on. a logarithmic scale allows detail to be displayed over a wider dynamic range. 
For example, on a linear scale, the detailed magnitude characteristics in the stopband of 
a frequency-selective filter with high attenuation are typically not evident, whereas they 
are on a logarithmic; scale. 

Typically, the specific logarithmic amplitude scale used is in units of 2(] log l0h re- 
ferred to as decibels 2 (abbreviated dB). Thus, dB corresponds to a frequency response 
with magnitude equal to U 20 dB is equivalent to a gain of 10, - 20 dB corresponds to an 
attenuation of 0. 1 , and so on. Also, it is useful to note thai 6 dB approximately corresponds 
to a gain of 2. 

For continuous-time systems, it is also common and useful to use a logarithmic 
frequency scale. Plots of 201og 10 |//(j<o)| and <H(jw) versus log l0 (w) are referred to 
as Bode plots. A typical Bede plot is illustrated in Figure 6.8. Note that as discussed 
in Section 4.3.3, if h(t) is real, then \H(ju>)\ is an even function of at and <H(j&) is 
an odd function of to. Because of this, the plots for negative to are superfluous and can 
be obtained immediately from the plots for positive w. This, of course, makes it pos- 
sible to plot frequency response characteristics versus log 10 (tu) for w > 0, as in the 
figure. 

The use t>f a logarithmic frequency scale offers a number of advantages in continu- 
ous time. For example, il often allows a much wider range of frequencies to be displayed 
than does a linear frequency scale. In audition, on a logarithmic frequency scale, the shape 



J The origin ul" Ihii particular choice of units and the term dectbeli cam be [raced to the definition of 
power rauoi in systems Specifically, since the square of the magnitude of the Fourier transform of a signal can 
be interpreted as the energy per unit frequency, or power, in a signal, the square of the magnitude, \tfijw}\ 2 or 
.//(e^")!'- of the frequency respumc of a system can be thought of as the power ratio between the input and 
the output of an LTI system. In honor of Alexander Graham Bell, the inventor of the telephone, the term bet 
w&<* introduced to indicate a factor of 10 in a power ratio, and decibel was used to denote one-tenth of this 
factor on a logarithmic scale (so lhat the caicade of 10 systems with J~dB power ratios each would result in 
I bcl of pewer amplification). Thus. IOIog |(J |ttO"**H" & the number of decibels of power amplification for the 
frequirny r&punhc Jfljcu), and this ill turn equals 201r-g |U ;//(j"<*i>j in magnitude amplification. 
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Figure 6.8 A typical Bode plot. (Note that w is platted using a logarithmic 



of a particular response curve doesn't change if the frequency is scaled. {See Problem 
6.30.) Furthermore for continuous-time LIT systems described by differential equations, 
an approximate sketch of the log magnitude vs. log frequency can often be easily obtained 
through the use of asymptotes. In Section 6.5, we will illustrate this by developing sim- 
ple pieces ise-linear approximate Bode plots for first- and second-order continuous- time 
■systems. 

fo discrete time, the magnitudes of FourieT transforms and frequency responses are 
often displayed in dB for the same reasons thai they are in continuous time. However, 
in discrete lime a, logarithmic frequency scale is not typically used, since the range of 
frequencies to be considered is always Limited and the advantage found for differential 
equations (i,e,, linear asymptotes) does not apply to difference equations. Typical graphi- 
cal representations of the magnitude arni phase of a discrete-time frequency response are 
shown in Figure 6.9. Here, we have plotted <H{e? a ) in radians and \H{e itx> )\ in decibels 
[i.e., 20 Iog l0 |//O j *")|] as functions of to. Note that for h\n] real, we actually need plot 
H(e^) only for ^ w s tt, because in this case the symmetry property of the Fourier 
transform implies that we can then calculate H(e^) for - it £ w ^ using the relations 
\H(e^)\ = \H[e > J )| and <H{e~J") = - <tf (e*°). Furthermore, we need not consider 
values of \w\ greaterthan ir, because of me periodicity of H{e }fft ). 
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Figure a .9 Typical graphical representations ot the magnitude and phase ot 

a discrete-time frequency response; //(***) 

As emphasized in this section, a logarithmic amplitude scale is often useful and 
important. However, there are many situations in which it is convenient to use a linear 
amplitude scale. For example, m discussing ideal filters for which the magnitude of the 
frequency response is a nonzero constant over some frequency bands and zero over others, 
a linear amplitude scaJe is more appropriate. Thus, we have introduced both linear and 
logarithmic graphical representations for the magnitude of the Fourier transform and will 
use each as appropriate. 



6.3 TfME-DOMAJN PROPERTIES OF /DEAL FIIEQUENCY-S ELECTIVE FILTERS 

In Chapter 3, we introduced the class of frequency-selective filters, Le., LTI systems with 
frequency responses chosen so as to pass one or several bands of frequencies with little or 
no attenuation and to stop or significantly attenuate frequencies outside those bands. As 
we discussed in Chapters 3 t 4, and 5, there are a number of issues of importance that arise 
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in frequency- selective filtering applications and that relate directly to the character! sties 
of frequency -selective filters. In this section, we rate another look at such tillers and ttieii 
properties. We focus oar attention here on lowpass filters, although very similar concepts 
and results hold for other types of frequency-selective fillers such as highpass or bandpass 
filters. (See Problems 6.5, 6.6, 6.26, and 6. 38.) 

As introduced in Chapter 3, a continuous- time ideal Lowpass filter has a frequency 
response cf the form 



Hijw) - 






(6*7) 



This is illustrated in Figure 610(a). Similarly, a discrete-time ideal towpass filter has a 
frequency response 



ff(e' w ) =■ 



1 |u| ^ 0)< 

f) fc> t < Jul £ 77 



(6. is: 



H(M 



t>c 



M 



H[e 11 



-2tt 



J IT 



-ttNf 



OJ e 



TT 



21T 



{t>) 



Figure 6.10 (a) The frequency response of a continuoLs-time ide^t low- 
pass filter; {b) the frequency response of a discrete-time ideal lowpass filter. 



and is periodic in ^j, as depicted in Figure 6.10(b). As can be *een from eqs. (6.17} 
and (6.18) or from Figure 6.10, ideal lowpass filters have purfect frequency selectivity. 
Th^t is, they pass without attenuation all frequencies at at lower than the cutoff frequency 
w r and completely stop all frequencies in the stopband (i.e., higher than ljJ. Moreover, 
these filters have zervi phase characteristics, so they introduce no phase distortion. 

As we have seen in Section 6.2, nonlinear phase characteristics can lead to signifi- 
cant changes in the time-domain characteristics of a signal even wh&n the magnitude jf its 
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spectrum is not changed by the system, and thus, a filter with a magnitude characteristic as 
in eq. (6 J 7) or eq (6. 18), but wjth nonlinear phase, might produce undesirable effects ]n 
some applications On the other hand, an ideal filter with hncar phase over the paisbartd, 
as illustrated m Figure 6.1 1 h introduces only a sirfiple time "ihift relative to the response of 
the ideal lowpass filter with zero phase characteristic. 
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Figure 6.1 1 Continuous-time deal 
lowpass Niter with linear phase charac- 
teristic 



In Examples 4,18 and 5.12, we computed the impulse responses of ideal lowpass 
filter^. In particular, the impulse response corresponding to the tiller in eq. (6 17) it* 



h(t) - 



sin« t f 

Tit 



^19. 



which h shown in Figure 6.12(a). Similarly, the impulse response of the discrete-Lime 
ideal filter in eq. (6.18) is 



Ai"] = 



sinwtrt 
Tin 



(6.20) 



which is depicted in Figure 6.12(b) for w t - -rr/4 [f either of the ideal frequency responses 
of eqs. |6J7) and (6.18) is augmented with a linear pha.se eharacler.stic, the impulse 
response is simply delayed by an amount equal to the negative of the skip* of this phase 
function, as is illustrated in Figure 6.13 for the continuous time impulse response. Note 
that in both continuous and discrete time, the width of the filter passband is proportional 
tOtt^ while the width of the main lobe of the impulse is proportional to 1/gj,, 4s the 
bandwidth of the filter increases the impulse response becomes narrower, and vice /ersa, 
consistent with the inverse relationship between time and frequency discus&ed in Chapters 
4 and 5, 
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Figure 6.1 2 (a) The impulse response of the continuous -time Ideal lowpass filter 
of Figure 6.1C(a>; (b) the impulse response of the discrete-time ideal lowpass titter of 
Figure fi. 10(b) with ^ = n/A. 
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Figure 6.13 Impulse response of an ideal lowpass fi ter with magnitude 

and phase shown in Figure 6 1 1 
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The step responses sit) and $[ri\ of the ideal lowpass filters in continuous time and 
discrete time are displayed in Figure 6.14. In both cases, we note that the step responses 
exhibit several characteristics that may not be desirable. In particular, for these fillers, 
the step responses overshoot their long-term final values and exhibit oscillatory behavior, 
frequently referred to as ringing. Also, recall that the step response is the running integral 
or sum of the step responses— i.e, r 
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Figure 6.14 (a) Step response of a continuous-lime ideal lowpass filter, 
(b) step response tf a discrete4ifne utea! lowpass Wet, 
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Since the impulse respon^e^ for the ideal filters have main lobes extending from -nico, 
tn +tt/6>, , the step responses undergo their most signincajil change in value over this 
time interval. That is, the so-called rise time of the step response, a rough measure of the 
response time of the hirer, is aho inversely related to the bandwidth of the filter 

6.4 TIME-DOMAIN AND FREQUENCY-DO MAIN ASPECTS 
OF NONIDEAL FILTERS 

The characteristics of ideal filters are not always desirable in practice For example, in 
many filtering contexts, the signals to be separated do not always lie in totally disjoint 
frequency bands. A typical situation might be that depicted in Figure 6.15, where the 
spectra of two signals overlap slightly. Tn such a case, we may wish to trade off the fi- 
delity with which the filter preserves one of these signals— -say, Jt|(l)— against the level 
to which frequency components of the second signal jrj</) are attenuated, A filter with 
a gradual transition from passband to stopband is generally preferable when filtering the 
superposition of signals with overlapping spectra. 



X(ja>) 




Figure 6, 1 5 Two spectra tnat are 
£lightfy overlapping. 

Another consideration is suggested by examining the step responses of ideal lowpass 
filters, shown in Figure 6,14, For both continuous time and discrete time, the step response 
asymptotically approaches a constant equal to the value of the step. In the vicinity of the 
discontinuity, however, it overshoots this value and exhibits ringing. In some situations, 
this time-domain behavior may be undesirable. 

Moreover, even in cases where the ideal frequency-selective characteristics are de- 
sirable, they may not be attainable. For example, from eqs. (6,18) and (6.19) ano Fig- 
ure 6, 12, it is evident that the ideal lowpass filter is noncausaL When filtering is to be 
carried out in real time, however, causality is a necessary constraint, and thus, a causal 
approximation to the ideal characteristics would be required. A further consideration that 
motivates providing some flexibility in the filter characteristics is ease of implementation. 
In general, the more precisely we try to approximate or implement an ideal frequency- 
selective filter, the more complicated or costly the implementation becomes, whether in 
terms of components such as resistors, capacitors, and operational amplifiers m continu- 
ous time or in terms uf memory registers, multipliers, and adders in discrete time. In many 
contexts, a precise filter characteristic may not be essential and a simple filter will suffice. 

For ail of these reasons, nonideal filters are of of considerable practical importance, 
and the characteristics of such filters are frequently specified or quantified in terms of 
several parameters in both the frequency and time domain. First, because the magnitude 
characteristics of the ideal frequency-selective filter may be unachievable or undesirable. 
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it h preferable to allow some flexibility in the behavior of the filter in the passband and 
in the stopband, as well as to permit a more gradual transition between the passband and 
stopband, as opposed to the abrupt transition characteristic of ideal filters. For example, 
in die case of lowpass filters, the specifications may allow some deviation from unity gain 
in the passband and from zero gain in the stopband, as well as including both a passband 
edge and stopband edge with a transition band between them. Thus, specifications for a 
continuous time lowpass filter are often stated to require the magnitude of the frequency 
response of the filter to be restricted to the nonshaded area indicated in Figure 6 16. In 
this figure, a deviation from unity of plus and minus 5] is allowed in the passband, and a 
deviation of S2 from zero is allowed in the stopband The amount by which the frequency 
response differs from unity in the passband is referred to as the passband ripple^ and the 
amount by which it deviates from zero in the stopband is referred to as the stopband ripple. 
The frequency <x> p is referred to as the passband edge and w s as the stopband edge. The 
frequency range from to p to to s is provided for the transition fic-m passband to stopband 
and is referred to as the transition band- Similar definitions apply to discrete-time lowpass 
filters, as well as to other continuous- and discrete-time frequency-selective filters. 
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Figure 6.16 Tolerances for the 
magnitude characteristic of a lowpass 
filter The allowable passband ripple 
is S, and stopband ripple is £?. The 
dashed curve illustrates one possible 
frequency response that stays within 
the tolerable limits. 



Tn addition to the specification of magnitude characteristics in the frequency domain, 
in some cases the specification of phase characteristics is also important In particular, a 
linear or nearly linear phase characteristic over the passband of the filter is frequently 
desirable. 

To control the time-domain behavior, specifications are frequently imposed on the 
step response of a filter. As illustrated in Figure 6.17, one quantity often of interest is the 
rise time i r of the step response — i.e., the interval over which the step response rises toward 
its final value. In addition, the presence or absenceof oscillatory behavior, or ringing H in the 
step response is often of importance. If such ringing is present, then there are three other 
quantities that are often used to characterize the nature of these oscillations: the overshoot 
A of the final value of the step response, the ringing frequency G> n and the sealing time 
1.1 — i,e., the time required for the step response to settle to within a specified tolerance of 
its final value. 

For nonideal lowpass filters, a trade-off may be observed between the width of the 
transition band (a frequency -domain characteristic) and the settling time of the step re- 
sponse (a time-domain characteristic). The following example illustrates this trade-off. 
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Figure 6.1 7 Step response of a continuous-time lowpiss filter, indicating 
1he rise time t r , Gvetshoot i d ringing 1requer»cy <m> t , and settling time t s - — i.e.. 
the time at which the step response settles to within ±S of its final vafcie 



Example 6.3 

Let us consider two specific lowpass filters designed to have a cutoff frequency of 5O0 
Hz. Each filter has a fifth-order rational frequency response and a real-valued impulse 
response. The two filters are of specific types, one referred to as BurteTworth titters 
and the other as elliptic filters. Both of these classes of likens are frequently used in 
practice. 

The magnitudes of the frequency responses of the two filters are plotted (versus 
frequency measured id Hertz) in Figure 6.18(a), We take the transition band of each 
filter as the region around the cutoff frequency (500 Hz) where the frequency response 
magnitude as neither within r 05 of unity magnitude (the passband ripple) nor within 05 
of zero magnitude {the stophand ripple). From Figure o.l8{a) t it can be seen thit the 
transition band of the Butterworth filter is wider than the transition band of the elliptic 
filter 

The price paid for the narrower transition band of the elliptic filter may be observed 
in Figure 6.1S{bX in which the step responses of both Alters are displayed. We see that 
the ringing in the elliptic filter's step response is more prominent than for the Butterworth 
step response. In particular; the settling time for the step response is longer in the ca&e 
of the elliptic filter. 



The consideration of the trade-offs between time-doinain and frequency -domain 
characteristics and of other issues such as the complexity and cost of filters forms the 
core of the important field of filter design. In the next few sections, and in several of the 
problems at the end of the chapter, we provide additional examples of LT1 systems and 
filters and their time- and frequency^domaiTi characteristics. 
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Figure 6,16 Example of a fifth-order Butterworth filter and a fifth-order 
elliptic filter designed to have ttie same passband and stopband ripple and 
the same cutoff frequency: (a) magnitudes of the frequency responses piotted 
versus frequency measured in Hertz: (b) step responses. 
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6. S FIRSTORDER AND SECONOORDER CONTINUOUS-TfME SYSTEMS 

LTT systems described by linear constant-coefficient differential equations are of great 
practical importance, because many physical systems can be modeled by such equations 
and because systems of this type can often be conveniently implemented. For a variety 
of practical reasons, high-order systems sire frequently implemented or represented by 
combining first-order and second-order systems in cascade or parallel arrangements. Con- 
sequently, the properties of first- and second-order systems play an important role in an- 
alyzing, designing, and understanding the time-domain and frequency-domain behavior 
of higher order systems. In this section, we discuss these tow-order systems in detail for 
continuous time. In Section 6.6 T we examine their discrete-time counterparts, 

6.5, 1 First-Order Continuous-Time Systems 

The differentia] equation for a first-order system is often expressed in the form 

dy{t) 



dt 



+ v(0 = x(t), (6.21) 



where t is a coefficient whose significance will be made clear shortly. The corresponding 
frequency response for the first-order system is 



JdJT + 1 



and the impulse response is 



hit) = -e " 7 K(r) ( C6.23) 

T 

which is sketched in Figure 6. 1 9(a). The step response of the system is 

*(f) = h(t)*u(n = [1 - * _r/T ]w(f). (6.24) 

This is sketched in Figure 6. 1 9(b). The parameter t is the time constant of ihe system, and 
it controls the rate at which the first-order system responds. For example, as illustrated in 
Figure 6,19, at r = t the impulse response has reached lie times its value at t =■ (I, and 
the step response is within lie of its final value. Therefore, as t is decreased, the impulse 
response decays more sharply, and the rise time of the step response becomes shorter — i.e., 
it rises more sharply toward its final value. Note also that the step response of a first-order 
system does not exhibit any ringing. 

Figure 6.20 depicts the Bode plot of The frequency response of eq. <6.22). In this 
figure we illustrate one of the advantages of using a logarithmic frequency scale: We can, 
without too much difficulty, obtain a useful approximate Bode plot for a continuous-time 
first-order system. To see this, Jet us first examine the plot of the log magnitude of the 
frequency response. Specifically, from eq, <6,22) T we obtain 

20log l0 (//(»] = -10U>g 10 [(*>T) 2 +■ 1]. (S25) 

From this, we see that for oit <£: 1, the log magnitude is approximately zero, while for 
WT » l t the log magnitude is approximately a linear function of ]0g, o (u)- That is, 

20105,,, |ff(jw)| - for w< Ut, (6,26) 
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Figure 6. 1 9 Continuous- time firsi- 
order system: (a) impulse response; 
(b) step response. 
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and 

20]og lu WU*Ot & -20log lo twr) 

= -20log, y (&>) -20log iy (Tj for w » 1/r. 

In other words, for the first-order system, the low- and high-frequency asymptotes of the 
log magnitude sure straight lines. The low -frequency asymptote [given by eq. (6 26)] is just 
the Q-dB line^ while the high-frequency asymptote [specified by eq. (6-27)] corresponds tu 
a decrease of 20 dB in \If(jto)\ for every decade (he,, factor of 10) in tit. This is sometimes 
referred to a&a *20-dB- per -decade" asymptote, 

Nflte that the two asymptotic approximations given in eqs. (6.26) and (6.27) are equal 
at the point h>£ ]0 (w) = - lug| (h (r), or equivalency, to = \h Interpreted graphically, this 
means that the two straight-line asymptotes meet at w - 1/t. which suggests a straight- 
line approximation to the magnitude plot. That is, our approximation to 20 log, \H(joA 
equals for oj ^ 1/t and Is given by eq. (6,27^ for w > 1/t. This appro ximation is alss 
sketched (as a dashed Jine) in Figure 6 20. The point at which the slope of the approxima- 
tion changes is precisely t> = \!t, which, for this reason, is often referred to as the break 
frequency^ AJso T note that at co = 1/r the two terms ffwr) 2 and 1] in the argument of the 
logarithm in eq. (6.25) are equal. Thus, at this point, the actual value of the magnitude is 



2Qteg w \mjl 



= -J0log 10 (2)- -3dB i6,28) 



BeL-au.se of this, the point at = 1/t h sometimes called the 3-dB point. From the figure, 
wc see that only near the hreak frequency is there any significant error in the straight- line 
approximate Bode plot. Thus, if we wish to obtain a more accurate sketch of the Bode plot, 
we need only modify the approximation near the break frequency. 

It is also possible to obtain a useful straight-line approximation to <H(jw): 

<H{jai) = -tan' 1 («"*') 

f 0, & < (U/t (6.29) 

**< -{it/4)[1oejo(wt) 4- 1], OJ/r ^ to s= lttV. 
[ -it/2, u > [QJt 

Note thai this approximation decreases linearly {from to — tt/2) as a function of log, iw) 
in ihe range 

0,1 10 

— < to ^ — , 

T T 

Le„ in the range from one decade below the break frequency to one decade above the break 
frequency. Also, zero is the correct asymptotic value of <//{jw> for & <&z 1/t, and -trll 
is the correct asymptotic value of <H[j<m} for to ^> 1/t. Furtheitnore, the approximation 
agrees with the actual value of <H( j&) at the break frequency w = 1/r, at which point 

This asymptotic appro ximation is also plotted in Figure 6.20 T and from it we can see how 1 
if desired, we can modify the straight-line approximation to obtain a more accurate sketch 
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From this first-order system, we can again see the inverse relationship between time 
and frequency. As we make r smaller, we speed \jp the time response of the system [i.e., 
h(t) becomes mors compressed toward the origin, and the rise time of the step response 
is reduced} and we simultaneously make the break frequency large [i.e., H{j<o} becomes 
broader, since \H{j(o)\ = J for a larger range of frequencies]. This can a 1st* be seen by 
multiplying the impulse response by rand observing the retaiionshtp between t>i(;) and 



,-t/T 



Tft(.r) = e~ xn u[il Hijw) = 



[ 



Thus, rk(i) is a function of tfr and H{jti)} is a function of wt, and from this we see that 
changing r is essentially equivalent to a scaling in lime and frequency. 



6-5.2 Second-Order Continuous-Time Systems 

The linear constant-coefficient differential equation for a second-order system is 

d 2 v{t) -„ dv(t) -, , , 



d? 



dt 



(631) 



Equations of this type arise in many physical systems, including RLC circuit* and me- 
chanical .systems, such as theonedlustrated rn Figure 6,21, composed of as przng, a mass, 
and a" viscous damper or dashpot. In the figure, the input is the applied force x{i) and the 
output is (he displacement of the mass y(t) from some equilibrium position at which the 
spring exerts no restoring force. The equation of motion for this system is 



m 



dfi 



dt 



or 



dr \mj dt \mf 
Comparing this to eq (6.3 1), we see thai if we identify 



-JT(f). 



and 



\ m 



(6.32) 
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Fkjure 6-2 1 Second -order system 
consisting of a spring and dastipot 
attached to a moveable mass and a 
fixed support 
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then [except for a scale factor of Aon jt(f)| the equation of motion for the system of Figure 
6.21 reduces to eq, (6.31), 

The frequency response for the second-order system of eq. (6.3 1 ) us 

U*>J 2 + 2fw„Ow) + 4J 2 , 
The cienonnnator of H(jd>) can be factored to yield 



where 

C 2 = -£w B - & a J £ 2 ~ 1- 

Fht £ t* 1 , r| and ^2 are unequal, and we can perform a partial- fraction expansion of Lhc 
form 

H Ua>) = -.-*_ - ^_. (6.35, 

y&j - rj jcu - t2 

where 

(On 

M =- -~=. (6.36) 

From eq. (6.35), the corresponding impulse response for the system is 

h(t) ^ M[e u * -e^]u(t)- <6.37> 

Iff = Kthenci = (.2 = -6j flb and 

H(» - , " (6.38) 

From Tabic 4.2, wc find that in thiu ctLse the impulse response is 

hit) = u^te'^uit). (639) 

Noie from eqs. (6,37) and (6.39), that A(/}/<u„ is a function of oi„/. Furthermore, 
eq. (6.33) can be rewritten as 



from which we see that the frequency response is a function of &>/&> fl . Thus, changing ti> rr 
is essentially identical to a time and frequency scaling. 

The parameter f is referred to as the dumping ratio and the parameter o> h as the 
undamped natural frequency. The motivation for this, terminology becomes clear when 
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we take a more detailed look at ttie impulse response and the step response of a second- 
order system. First, from eq. {635), we see thatforO < £ < l,c\ ando are complex, and 
we can rewrite the impulse response ineq. (6.37) in the form 



HO = 



&>„£ 



-fWflt 



2jJT=? 



to tl e 



£t» u r 



Vl-f 



- rl 



{mpljiVnA -?)t\ - expt-y^yi-^VlWO 



(6.40) 



Thus, for < £ < ] H the second-order system has an impulse response that has 
damped oscillatory behavior, and in this case the system is referred to as being under- 
damped. If £ > 1, both c\ and ci are real and negative, and the impulse response is the 
difference between two decaying exponent! aJs. In this case, the system is ovendamped The 
case of £ = l,whent| = r>, is called the critically dumped case. The impulse responses 
(multiplied by 1/hj«) fur second-order systems with different values of f are plotted in 
Figure 6.22(a). 





<b) 



Figure 6.22 Response of contnu- 
ous-ttme second-order systems wilh 
different values of the damping 
ratio C i a) impulse response: 
(fc) step response 
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TTie step response of a second-order system can be calculated from cq. {6.37^ for 
£ ?M . This yields the expression 



j(r) = hit) * u(f) = \ 1 +- At 



ci 



c? 



U{1). 



For I — i, we can use eq. (6,39) to obtain 



,- Wt! 



I"<0, 



(6.41) 



(6.421 



The step response cf a second-order system is plotted in Figure 6.22(b) for several values 
of (, From this figure, we see that in the underdarnped case, the step response exhibits* 
both owrshoot (i.e. the step response exceeds its final value) and ringing (i.e., oscillator)' 
behavior). For£ = 1, the step response has the iastestresponse{Le. t theshoitestrisetimej 
that is possible without overshoot and thus has the shortest settling time As £ increases 
beyond l,the response becomes slower. Thiscanbe seen from eqs. (634) and (6.41V Ast, 
increases, c\ becomes smaller in magnitude, while c-y increases in magnitude. ITierefore, 
although the time constant ( l/|< -n |) associated with e ( 2 ' decreases, the time constant (U[c [[} 
associated with e t|J increases Consequently the term involving e t,! in eq. (6-41) lakes a 
longer time to decay to zero, and thus it is the time constant associated with this term that 
determines the settling lime of the step response. As a result the step response cakes longer 
to settle for large values of £. fn terms of our spring-dashpot example, as we increase the 
magnitude of the damping coefficient h beyond the critical value at which £ in eq i,633) 
equals 1, the motion of the mass becomes increasingly sluggish. 

Finally* note that, as we have said, the value of a> n essentially controls the time scale 
of the responses h(t) and s(l). For example, in the underdamped case, the larger ti> tT is T the 
more compressed is the impulse response as a function off, and the higher is the frequency 
of the oscillations or ringing in both hi?) and s[t). In fact, fro m eq. (6.40), we see that 
the frequency of the oscillations in hit) and s{t) is w flV ''l - £ 2 , which does increase with 
increasing «, L . Note, however, that this frequency depends explicitly on the damping ratio 
and does not equal (and is in fact smaller than) w n , except in the undamped case, £ = 0, 
(It is fur this reason that the parameter ti}„ is traditionally referred to as the undamped 
natural frequency.) For the spring-dashpot example, we therefore conclude that the rate of 
oscillation of the mass equals w* when no dashpot is present, and the oscillation frequency 
decreases when we include the dashpot. 

In Figure 6.23, we have depicted the Bode plot of the frequency response given in 
eq. (6.33) for several values off As in the first-order ca^e, the logarithmic frequency seal*: 
leads to linear high- and low-frequency asymptotes fcr the log magnitude Specifically, 
fromeq. (633 ), 



20lQg, u |tf(/to)| = -101og 1(1 



From this expression, it follows that 






20log U) |tf(>)l- 



f 0, 



t2 




for io <s; co n 



L 4€log| tJ +- 40 log, () w n . for & ^3> to, 



(6,43) 



(6.44) 
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Figure 6 .73 Bode plots for second-order systems with several different 
valjes of -dam ping ratio (. 



Therefore, the low-frequency asymptote of the log magnitude is the O-dB line, while the 
high-frequenoy asymptote [given by eq. (6.44)] has a aiope of —40 dB per decade; i.e., 
\Hi ji*y)>\ decreases by 40 dB for every increase inw of a factor of 10. Also, note that the 
two straight-line asymptotes meet at the point at ~ a> n . Thus, we obtain a straight-line 
approximation to the log magnitude by using the approximation given in eq. (644) for 
ta ^ ttffl. For this reason, <u n is referred to as the break frequency of the second-order 
system. This approximation is also plotted (as a dashed line) in Figure 6.23. 

We can, in addition, obtain a straight-line approximation to <H{jtu), whose exact 
expression can be obtained from eq. (&.33): 



<H(jii>) = — tan 



-1 



2£(wJ 



1 — (j&tofn 



w*)\ 

W 2 A 



(6-45) 
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The approximation is 



0, w ^ O.I^„ 



<H(ju) 



\ 



log, \£-\ + 1 . 0,1«„ ^<* ^ 10u> h , (6,46) 



7T, OJ ^ IOWjj 



which is ahw> plotted in Figure 6-23. Note that the approximation and the actual value again 
are equal at the break frequency tit = cu nt where. 

«//(>«) = ~. 

It is important to observe that the asymptotic approximations, eqs. (6.44) and (6.46), 
we have obtained for a second-order system do not depend on f , while the actual plots of 
|//(yw)] and <£ff{jti>) certainly do, and thus, to obtain an accurate sketch, especially near 
the break frequency w - ai fll we must take this into account by modifying the approxi- 
mations to conform more closely to the actual plots The discrepancy is most pronounced 
for small values of £, In particular, note that in this case the actual log magnitude has a 
peak around at = w r In fact, straightforward calculations using eq. (6.43) show that, for 
£ < Jlfl s» 0.707, \H(jw)] has a maximum value at 



&JmaK = <Ujh/1 - 2£ 2 , (6.47) 

and the value at this maximum point is 

|tf(>w)j = J (6 48) 

2£v 1 ~r 

For£ > 0.707, however, H{ji*>) decreases monotontcaJly as oj increases from zero. The 
fact that //( _/u* ) can have a peak i s ex premel y important in the design of freque ncy- selective 
filters and amplifiers. In some applications, one may want to design such a circuit &o 
that it has a sharp peak in the magnitude of its frequency response at some specified 
frequency, therehy providing large frequency-selective amplification for sinusoids at fre- 
quencies within a narrow band. The quality Q of such a circuit is defined to be a measure 
of the sharpness of the peak. For a second-order circuit described by an equation of the 
form of eq. (6,3 1 ), the quality is usually taken to be 

and from Figure 6.23 and eq. (6.43), we see that this definition has the proper behavior: 
The less damping there is in the system, the sharper is the peak in \H(jw)\. 

6.5,3 Bode Plots for Rational Frequency Responses 

At the start of this section, we indicated that first- and second-order systems can be used 
as basic building hlocks for more complex LTI systems with rational frequency responses. 
One consequence of this is that the Bode plots presented here essentially provide us with 
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all of the information wc need to construct Bode plois for arbitrary rational frequency 
responses. Specifically, we have described the Bode plots for the frequency responses 
given by eqs. (6,22i and (6.33). In addition, we can readily obtain the Bode plots for 
frequency responses of the forms 

H(jio) = 1 + jtaT (&.49) 

and 

ff <» = lt2 <(£) + (£j 

The Bode plots for eqs. (6 49) and (6,50) fellow directly from Figures 6 20 and 6 23 and 
from the fact that 



201og IQ |H(>,)|-20log m 
and 

«ff(/*»» = -<■ 1 



1 



"(;o0| 



Also, consider a system function thai is a constant gain 

H(» = K. 
Since >C - |tfW°if ^>0andtf = \K\e^ if K < T we see that 

20log l0 |//{./w)| - 201og|J^| 
r \fK>Q 



Since a rational frequency response can be factored into the product of a constant gain and 
tirat- and second-order terms, its Bode plot can be obtained by summing the plots fcr&ach 
of the terms. We illustrate further the construction of Bode plots in the nest two examples. 

Example 6.4 

Let us obtain the Btjde plot for the frequency response 

2X 10* 



H(J«) = 



OW+ 100 jw + 10 4 ' 
First, wc note that 

where H(jw) has the same form a* the standard second-order frequency response spec- 
ified by eq. (6.33 J r It folio ws that 

2£>lag| | J tf(;«)| = 201og l(} 2 + 201og|/?<jiu>|. 
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By comparing $(jtin) with the frequency response in cq (633), we conclude thattti,, = 
100 arid £ - 1/2 for M{ja>}. Using eq. <G,44), we may now specify the asympiotek fc.>r 

2Qk% 1(t \fiij<*)\: 



and 



20 log ,u |/f (> )( - f L>r w *£ 1 00, 



20log,Jtf(/w>j= 401oe, fl w-FKO for«»HK>. 



It follows that 20 log, Q \H(jta)\ will have [h-e same asjmptotes, except for a constant 
offsel at all frequeneie> due 10 the addition of the 2iJlog t0 2 term (whuch approxi- 
mately equals 6 d6) r The dashed lines, m Figure 6-24ia) represent these asymptotes. 
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Figure 6,24 Bo.ce plot for system function in Exampta 6 4, (a) magnitude, 

(b) phase 
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The solid curve in the same figure represents the actual computer-generated Bode 
plot for 201ognj jfl(j"fl*)|. Suite the value of £ foi H(jmi is l«s than v 2/2. the actual 
Bode plot has a slight peak near <a = 100. 

To obtain a plot o f < H( j at } t we note that 

and thai <H(jh>) has its asymptotes specified in. accordance with eq. (6,46); that is h 

f 0, ^ ^ 10 

iH(jw) = < -(ir^JFlogjuCWIOO) + lj. 10 ^ u ^ 1,000. 
I -7T, w ^ 1.000. 

The asymptotes and the actual values for <H(jt*>) are plotted with da&hed and ^olid 
lines, jespeciivdy, in Figure 6.24(b). 

Example 6,5 

Consider the frequency response 

J00(l + jw) 



HU*>1 = 



U0+ yw)(100 + » 
To obtain the Bode plot fwH(j<ii) r we rewrite it in the following factored form: 

Hu "> ~ (i)(rri7ro)(i vimo) + ** 

Here, the first factor is a constant, die next two factors have the standard form for a rirst- 
order frequeDcy response as specified in eq. (5.22), and the fourth factor is the reciprocal 
of the same first-order standard form. The Bod* plot for 201og l0 |J/(j"«)| is therefore the 
sum of the Bode plots corresponding to each of the factors. Furthermore, the asymptotes 
corresponding to each factor may be summed to obtain ihe asymptotes for the overall 
Bode plot. These asymptotes and the actual values of 20log, fl \H{jto) are displayed in 
Figure 6.15(a). Note that the constant factor of 1/10 accounts for an offset of -20 dB at 
each frequency. The break frequency at a = 1 corresponds to the ( 1 + jui ) factor, which 
produces the 20 dB.'decade rise lhat starts at w = 1 and is canceled by the 20 dB/decade 
decay that starts at the break frequency at <*> = 10 and is due to the 1 /( 1 ■+ jtoflf)) factor. 
Finally, the 1/(1 + ;\W10Q) factor contributes another break frequency at w = 100 and 
a subsequent decay at the rate of 20 dB /decade. 

Similarly we can construct the asymptotic approximation for fit jm) from the in- 
dividual asymptotes for each factor, as illustrated, together with a plot of the exact value 
of the phase, in Figure 6.25(h), in particular the constant factor 1/1 contributes to 
the phase, while the factor (I -+ ja>) contributes an asymptotic approximation that is 
for m < 0, 1, and rises linearly as a function of log^fw) from a value of zero at m - 0. 1 
to a value of w/2 radians at w = 10. However, this rise is canceled at tu = i b> the 
asymptotic approximation for the angle of lfll 4- jWIO) *hich contri butts t, linear de- 
crease in angle of v/2 radians over the range of frequencies from oi = 1 to w = 100 
Finally, the asymptotic approximation for the angle of 1/(1 + jw/100) contributes an - 
other linear decrease in angle of w72 radians over the range of frequencies from <o = 10 
low ^ 1000. 
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Figure 6.25 Bode plot for system function fa Example 6 5 J (a) magnitude; 

[b] phase. 



In our discussion of first-order systems in this section, *e restricted our atten- 
tion to value* of r > 0. In fact, if is not difficult to check that if r < Q, then the 
causal first-order system described by eq. (6.21) has an impulse respon.se that is not 
absolutely integrable, and consequently , the system is unstable Similarly, in analyzing 
the second-order causal system in eq. (6.31), we required that both I and w; he pos- 
itive numbers. If either of these is not positive, the resulting impulse response is not 
absolutely integrable. Thus, in this section we have restricted attention to those causal 
first- and second-arder systems that are stable and for which we can define frequency 
responses. 
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6.6 FIRST-ORDER AND SECOND-ORDER DISCRETE-TJME SYSTEMS 

In this section,, we examine the properties of first- and second-order discrete-time LTT 
systems, paralleling the development in the preceding section. As in continuous time h any 
system with a frequency response that is a ratio of polynomials in e^*™— i.e., any discrete- 
time LTI system described by a linear constant-coefficient difference equation— can be 
written as a product or sum of first- and second-order systems, implying that these ba- 
sic systems are of considerable value in both implementing and analyzing more complex 
systems. (See, for example. Problem 6.45.) 

6.6. l First-Order Discrete-Time Systems 

Consider the first-order causal LTI system described by the difference equation 

y[n]-ay[n- 1] = jr[*J, (6,51) 

with \a\ < 1. From Example 5.18, the frequency response of this system is 



and its impulse response is 



h[n] = a n u[nl (6.53) 



which is illustrated in Figure 6.26 for several values of a. Also, the step response of the 
system is 

1 - a nH 
s[n] = /i[nl*a[rt] = — — - — u[rtl (6.54) 

l — a 

which is illustrated in Figure 6.27. 

The magnitude of the parameter a plays a role similar to that of the time constant 
t in the continuous-time first-order system. Specifically, \a\ determines the rate at which 
the first-order system responds. For example, frnmeqs. (6.53) and (6.54) and Figures 6.26 
and 6.27, we see that h[n] and s{ri\ converge to their final value at the rate at which \a\" 
converges to zero. Therefore, the impulse response decays sharply and the step response 
settles quickly for \a\ small. For |a| nearer to 1 T these responses are slower. Note lhat unlike 
its continuous-time counterpart, the first-order system described by eq. (6.51) can display 
oscillatory behavior. This occurs when a < 0, in which case the step response exhibits 
beth overshoot of its final value and ringing. 

The magnitude and phase of the frequency response of tbe first-order system in 
eq, (6.51) arc, respectively, 
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Figure 6.27 Step response $[fi] of a first order system: (a) a = ±1/4; (fc>) J = 
±1/2; (c) a = ±3/4; {d} a - ±7/B 



and 



<H(f JW ) = -tan 



- 1 



[a si 



sincu 



— aeosw 



(6.56) 



In Figure 6.28(a), we have plotted the log magnitude and the phase of the frequency 
response in eq, (6.52) for several values of a > 0. The case of a < is illustrated in 
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Figure 6_2R(b) From these figures, we see that for a > 0- the system attenuates high 
frequencies [i.e., |//l>'™)[ is smaller for at near ± w than it is for & near 0|, while when 
a < 0, the system amplifies high frequencies and attenuates low frequencies. Note also 
that for }a\ small, the maxim urn and nrjni mum values, l/fl +u)and 1/(1 - d\M \Hte Juf \ 
are clo.se together S n v alue, and the graph o r | H (e^ )\ i s rel ati vely fl at . Gn the other hand , fur 
\a\ near 1, these quantities differ significantly, and consequently \Hir Jf *)\ is more sharply 
peaked, providing filtering and amplification that is more selective over a narrow band of 
frequencies. 
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Figure 6.28 Magnitude and phase of the frequency response of eq. {652} 
for a first-order system: (a) plots for several values of a > 0; <b) plots for 
several values of a< G 
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Figure 6.2B Continued 

6.6.2 Second-Order Discrete-Time Systems 

Consider next the second-order causal LTI system described by 

y[n] - 2rcos 0y[n - 1] + r l y[n - 2] = jfrt] 
with < r < 1 and ^ 6 ^ ir> The frequency response for this system is 

Me**) = 



I 



1 -IrcosOe-J™ + r^e-i^' 
The denominator ofH(e^) can be factored to obtain 

1 



H(e^) *= - 



[1 - (r^y-J^iri - (ff ^)e"^V 



(6.57) 
(6.59) 
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For 9 i* or it, the two factors m the denominator of H(e^ ) are different, and a partial- 
fraction expansion yields 

A B 



H(en = -™ 



+ 



where 



1 -{re^ye-f^ 1 - {re-* 4, )e~* a 



A = 



B = 



In this case, the impulse response of the system is 

n sin[(/i + 1)0] 



(6,60) 



(6.61) 



(6.62) 



= /■ 



sin 6 



«[*]- 



For0 = or tt t the two factory in the denominator of eq. (6.58) are the same. When & = 1 

I 



and 

When = *r, 

and 



1 } (1 -re-**f 
h[n] = {n+ D^nln]. 
1 



H{e J ") = 



(I + re-J**) 2 



(6.63) 
{6.64) 
(6,65) 



h[n] = {ft + l)(-r)"«[it]. <6.66) 

The impulse responses for second-order systems are plotted in Figure 6.29 for a range 
of values of r and 0. From this figure and from eq. (6.62), we see that the rate of decay of 
h[n\ is controlled by r— i.e., the closer r is to 1 , the slower is the decay in h[n]. Similarly, 
die value of 8 determines the frequency of oscillation. For example, with 6 — there' is 
no oscillation in h[n] t while for 6 = ir the oscillations are rapid. The effect of different 
values of r and # can also be seen by examining the step response of eq, (6.57). For 6^0 
or ti\ 



s[ri] = h[n] * u\ri\ = 



' Jl-ire^y+i y B (\ -(«-'•)"*' ' 



1 - ret 



\-re~J* 



Also, using the result of Problem 2.52, we find that for fl = 0, 



s[n] = 
while for — tt, 

s{*\ = 



r r" + —?—(n + Dr" 



(r-]) 1 <r - IV s r-1 



«W. 



u[nl (6.67) 



(6.68) 



I 



+ 



T <-r)" + — "—(n + !)(-?)» 



u{n]. 



(r + I) 2 (r+ I}*" "' ' r4l 
The step response is plotted in Figure 6.30, again for a range of values of r and 9. 



(6.69V 
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Figure 6.29 Impulse response of the secoid-order system of bo. (6.57) for a range 
of values of f and tf. 



The second-order system given by eq. (6,57) is the counterpart of the underrfamped 
second-order system in continuous time, while the special case of = is the critically 
damped case. That is, for any value of 9 other than zero, the impulse response has a damped 



ft - c 




Note:TTie plotter r = | F #-0 has a different scale from the ethers. 



4h8 



figure 6,30 Step response of the second -order system of gq, (6 57) for a range of 

values of r and #. 
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oscillatory r>ehavior, and the step response exhibits ringing and overshoot. The frequency 
response of this system is depicted in Figure 6.3 1 for a number of values of r and 9 From 
Figure 6.31, we see that a band of frequencies is amplified t and r determines how sharply 
peaked the frequency response is within, this band. 

As we have just seen, the second-order system described in eq. (6.59) has factors 
with complex coefficients (unless = or ir). It is also possible to consider second-order 
systems having factors with real coefficients. Specifically, consider 

tf^") = ri : -4q : -T- (6.701 

where d\ and di are bothreaJ numbers with \d\ |, 1^1 < ' - Equation (6.70) is the frequency 
response for the difference equation 



20log 10 |H(eh| 
24 dB 




2-TT VJ 



1=0 



< H(e lM> ) 




(a; 



Figure 6.3T Magnitude and phase of the frequency response of the 
second-order system of eq. (657). [a) 9 = 0; <b) 6 = W4; (g) g = nfl, 
(d) Q = 3tt/4; {e} 8 - v. Each plot contains curves corresponding to 
r - V4, 1/2, and 3/4. 
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Figure 6.31 Continued 



y[n] - (di + d 2 )y[n - 1] + d x d 2 yYn - 2] = jI«]. 



4 D 

ff[e^) = - — .-!! _ + D 



\ - d\e~f w \ —die ^ 



A = ^-, *- d 



rfi -<k 



d*~di' 



(C-71) 



(6.72) 



(673) 



Thus, 



*[«] = [AdJ + B^]u[nl 



(6,74) 
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Figure 6- 3 1 Continuea 
which is the sum of two decaying real exponentials. Also, 

(\ -if J" 



s[n} = 



1-rf, 




«[«]. 



^-75) 



The system with frequency response given by eq. (6.70) corresponds to the cascade 
of two first-order systems. Therefore, we can deduce most of its properties from our un- 
derstanding of the firfct-ordercase. For example, the tog-magnitude and phase plots Tor eq. 
(6.70) eau be obtained by adding together the plots for each of the two first-order terms. 
Also, as we saw for first-oider systems, the response of the system is fast if [rf, [ and \d^\ 
are small, but the system has a tong settling time if either of these magnitudes is near 1, 
Furthermore, if Ji and di are negative, the response is oscillatory. The case when both d\ 
and di are positive is the counterpart of the overdamrjed case in continuous time, with th e 
impulse and step responses settling without oscillation. 
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Figure 6.3 T Continued 

In this section, we have restricted attention to those causal first- and second -order 
systems that are stable and for which the frequency response can be defined. In particular 
the causal system described by eq. (6.51) is unstable for | a | ^ 1, Also, the causal system 
described by eq, (6.56) is unstable if r ^ 1, and that described by eq. (6.71) is unstable 
if either \d^ I or I di 1 exceeds 1. 



6.7 EXAMPLES OF TIME- AND FREQUENCY-DOMAIN ANALYSIS OF SYSTEMS 



Throughout this chspter T we have illustrated the importance of viewing systems in both the 
time domain and the frequency domain and the importance of being aware of trade-offs in 
the behavior between the two domains. In this section, we illustrate some of these issues 
further. In Section 6.7.1 h we discuss these trade-offs for continuous time in the context 
of an automobile suspension system. In Section 6.7.2, we discuss an important class of 
discrete-time filters referred to as moving-average or nonrecursive systems. 
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Figure 6.3 1 Continued 



6.7.1 Analysis of an Automobile Suspension System 

A number of the points thai we have inade concerning the characteristics and trade-pffs 
in continuous time systems can be illustrated in the interpretation of an automobile sus- 
pension system as a lowpasA fiicer. Figure 632 shows a diagrammatic representation of a 
simple suspension system comprised of a spring and dashpot (shock absorber). The road 
surface can be thought of as a superposition of rapid small-amplitude changes in elevalion 
(high frequencies), representing the roughness of the road surface* and gradual changes 
in elevation (low frequencies) due to the general topography. The automobile suspension 
system is generally intended to filter out rapid variations it* the ride caused by the road 
surface (i.e., the system acts as a bwpass filter). 

The basic purpose of the suspension system it to provide a smooth ride, and there is 
no sharp, natural division between the frequencies to be passed and those to be rejected. 
Thus, it is reasonable to accept and, in fact, prefer a lowpass filter that has a gradual 



4M 



Time and Frequency Characterization of Signals and Systems Chap. 5 



Chassis 
mass, M 



Spring, 

k 



Road 
surface 




yJt) + Yo 



. „__ Reference 

elevation 

Figure 6 32 Diagrammatic representation of an automotive suspension 
system. Here, y D represents the distance between the chassis and the road 
surface when the automoulfe is at rest Y{t) + y the position of the chassts 
above the reference elevation, and x(t) the elevation of the road above the 

reference elevation. 

transition from passbandto stopbaud. Furthermore* the time-domain characteristics of the 
system are important. If the impulse response or step response of the suspension system 
exhibits ringing, then a large bump in the road (modeled as an impulse input) or a curb 
(modeled as a step input) will result in an uncomfortable oscillatory response. In fact, a 
common test for a suspension system is to introduce an excitation by depressing and then 
releasing the chassis. If rhe response exhibits ringing, it is an indication that the shock 
absorbers need to be replaced. 

Cost and ease of implementation also play an important role in the design of au- 
tomobile suspension systems. Many studies have been carried out to determine the most 
desirable frequency-response characteristics for suspension systems from the poi nt of view 
of passenger comfort. In situations where the cost may be warranted, such as for passenger 
railway cars, intricate and costly suspension systems are used. For the automotive indus- 
try, cost is an important factor, and simple* less costly suspension systems are generally 
used. A typical automotive suspension system consists simply of the chassis connected to 
the wheels through a spring and a dashpot. 

In the diagrammatic representation in Figure 6,32, > represents the distance be- 
tween the chassis and the road surface when the automobile is attest, y{t) + yothe position 
of the chassis above the reference elevation, and x(t) the elevation of the road above rhe 
reference elevation. The differential equation governing the motion of the chassis is then 



M £m + b d^> irk ^ t} + b M) 



dt 



dt 



dt 



(6.76) 



where M is the mass of the chassis and k and b are the spring and shock absorber eon^tants, 
respectively. The frequency response of the system is 

k + bjat 



H{jto) - 



(j<i>) 2 M ^ b{ja) + k' 



or 



HU«0 = 



Ow)2 + 2fw JI 0«) + aJ' 



(6.77) 
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where 

As in Section 6.5.2, the parameter <o* is referred to as the undamped natural frequency and 
£ as the damping ratio. A Bode plot of the log magnitude of the frequency response in eq. 
(6.77) can be constructed by using first-order and second-order Bode plots. The Bode plot 
for eq. (6.77) is sketched in Figure 6,33 for several different values of the damping ratio. 
Figure 6,34 illustrates the step response for several different values of the damping ratio. 
As we saw in Section 6.5.2, the filter cutoff frequency is controlled primarily through 
<o nr or equivalendy for a chassis with a fijted mass, by an appropriate choice of spring 
constant Jfc. For a given oj n , the damping ratio is then adjusted through the damping factor b 
associated with the shock asoibers. As the natural frequency u„ is decreased, the suspen- 
sion will tend to filter out slower road variations, thus providing a smoother ndc. On the 
other hand, we see from Figure 6.34 that the rise time of the system increases, and thus the 
system will feel more sluggish. On the one band, it would be desirable to keep w fl small to 
improve the tawpaas filtering; on the ether hand, it would be desirable to have w n large for 
a rapid time response. These, of course, are conflicting requirements and illustrate the need 
for a trade-off between time-domain and frequency-domain characteristics, typically, a 
suspension system with a low value of w„, so that the rise time is long, is characterized 
as *sofT and one with a high value of cu n> so that the rise time is short, is characterized as 
"hard." From Figures 6.33 and 634, we observe also that, as the damping ratio decreases, 
the frequency response of the system cuts off more sharply, but the overshoot and ring- 
ing i n the step response tend to increase, another trade-off between the ti me and frequency 




10*^ 



Figure 6.33 Bode plot for the magnitude of the frequency response of the 
automobile suspension system for several values of the damping ratio. 
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<a n t 

Figure 6.34 Step response of the automotive suspension system for vari- 
ous values of the damping ratio (£ = 01 , 2. 0.3, 0.4, 0.5. 0.6. 0.7, 0.8. 0.9, 
1.0.1.2, 1,5,2.0,5,0). 

domains. Generally, the shock absorber damping is chosen to have a rapid rise time and 
yet avoid overshoot and ringing. This choice corresponds to the critically damped case, 
with £ = 1.0, considered in Section 6.5.2, 



6.7,2 Examples of Discrete-Time NonrecursJve Filters 

In Section 3.1 l t we introduced the two basic classes of LTI filters described by difference 
equations, namely, recursive or infinite impulse response {UK) filters and nomecursive or 
finite impulse response (FTR) filters. Both of these classes of filters are of considerable 
importance in practice and have their own advantages and disadvantages. For example, 
recursive filters implemented as interconnections of the firsr- arid second-order systems 
described in Section 6.6 provide a fiexihlc class of filters that can be easily and efficiently 
implemented and whose characteristics can be adjusted by varying the number and the 
parameters of each of the component first- and second-order subsystems. On the other 
hand, as shown in Problem 6.64, it is not possible to design a causal, recursive filter with 
exactly linear phase, a property that we have seen is often desirable since, m that case, the 
effect of the phase on the output signal is a simple time delay. In contrast, as we show in this 
section, nomecursive filters can have exactly linear phase. Ha wevet; it is generally true that 
the same filter specifications require a higher order equation and hence more coefficients 
and delays when implemented with a nonrecursive equation compared with a recursive 
difference equation. Consequently, for FIR filters, one of the principal trade-offs between 
the time and frequency domains is that increasing the flexibility in. specifying the frequency 
domain characteristics of the filler, including, for example, achieving a higher degree of 
frequency selectivity, requires an FIR filter with an impulse response of longer duration. 
One of the most basic npnrecursive filters^ introduced in Section 3.11.2, is the 
moving-average filter For this class of fillers, the output is the average of the values of 
the input over a finite window; 



yM ~W+J*Ti'£„ * [n "* ] - 



(6.78) 



k=-N 
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The corresponding impulse response is a rectangular pulse, and the frequency response is 

H(r h^ = _J r ^v-Wi ^MAf +/V + D /2] 

k ; N + M ■+■ 1 siiu>/2) ' 

In Figure 6.35 b we show the log magnitude for M + N+ 1 = 33 andM-H A r -^ 1 - 65. The 
main r center lobe of each of these frequency responses corresponds to the effective pass- 
band of the corresponding filter. Note that, as the impulse response increases in length, the 
width of the main lobeof the magnitude of the frequency response decreases. This provides 
another example of the trade-off between the time and frequency domains. Specifically, 
in order to have a narrower passband, the filter in eqs. (6.78) and (b.19) must have a 
longer impulse response. Since the length of the impulse response of an FIR filter has a 
direct impact on the complexity of its implementation, this implies a trade-off between 
frequency selectivity and the complexity of the filter, a topic of central concern in filter 
design. 

Moving- average filters are commonly applied in economic analysis in. order to at- 
tenuate the short-term fluctuations in a variety of economic indicators in relation to longer 
term trends. In Figure 6.36, we illustrate the use of a moving-average filter of the form of 
eq. (6.78) on the weekly Dow Jones stock market index for a 10-year period. The weekly 
Dow Jones index is shown in Figure 636(a), Figure 6.36(b) is a 51-day moving aver- 
age (i.e.* AT = M = 25) applied to that index, and Figure 6<36{c) is a 201-day moving 
average (i.e., N =■ M = 10O) applied to the index. Both moving averages are considered 
useful, with the 51 -day average cracking cyclical (i.e., periodic) trends that occur during 
the course of the year and the 201 -day average primarily emphasizing trends over a longer 
time frame. 

The more general form of a discrete-lime nonrecursive filter is 

>[«] - X b **& - *]. (6.80) 

so that the output of this filter can be thought of as a weighted average of N + M + 1 
neighboring points. The simple moving-average filter in eq. (6.78) then corresponds to 
setting all of these weights to th e same value, namely, 1/(jV +M + 1 ), However, by choosing 
these coefficients in other ways, we have considerable flexibility in adjusting the filter's 
frequency response. 

There are, in fact, a variety of techniques available for choosing the coefficients in 
eq. (6.80) so as to meet certain specifications on the filter, such as sharpening the transition 
band as much as possible for a filter of a given length (i.e. r foi N+M+l fixed). These pro- 
cedures are discussed in detail in a number of texts, ^ and although we do not discus* the 
procedures here, it is worth emphasizing that they rely heavily on the basic concepts and 
tools developed in this boot. To illustrate how adjustment of the coefficients can influence 



*5ce. tot example^ R. W. Hamming, Digital Filters, 3rd ed. ( Eng.le wond Ctiffs. NJ Prentice-Hall, Inc , 
] 989); A . V Oppenheim a&d R. W. Schafcr. Discrvte-Time Signal Processing {Engl:: wood Cliffs . N J Prcnlicc- 
Hall Inc , 1989), aodL. R. Rabiner and B Gold, Theory and Application ofOigitftl SigrtnlPnn r^wnif ffrn^Ie- 
wood Cliffs, NJ J Prentice-Hall, lac, 1Ti5). 
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Figure 6,35 Log-magnitude pJots for the moving-average filter of eqs. 
(6.78] ant] (6.79) 1or (a) tf + W + 1 = 33 and (b) M +- N + 1 = 65. 

\hcre&ponscofthefilicr p l^usconaideiafilteroftheformofeq.{6.80) J withiV = M = 16 
and the filter coefficients chosen to be 



b, = 



5in(2-jrA/33) 



0, 



nk 



t \k\ < 32 
\k\ > 32 



(681) 
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Figure 6,36 Effect of lowpass Al- 
tering on the Dow Jones woekly stock 
market index over a 10-year period 
using moving-average filters: (a) weekly 
index; (b) 51 -day moving average ap- 
plied to (a); (c) 201 -da/ moving 
average applied to (aV The weekly 
stock market index and the two movrng 
averages are discrete-time sequences 
For clarity in the oraphical dfsplay, 
trie ttires sequences ire shewn he'e 
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The impulse response of the filter is 



h[n] = 



rin(2irn/33) 



0, 



TTH 



|r| ^ 32 

\4 > 32 



(6.82) 



Comparing this impulse response with eq. (6.20) a we see that eq, (6.R2) corresponds tc 
truncating* for |rc[ > 32 T the impulse response for the ideal kiwpass filter with cutoff fre- 
quency <tf t = 2ir/33. 

In general, the coefficients b^ caji be adjusted so that the cutoff is at a desired fre- 
quency. For the example shown in Figure 6,37, the cutoff frequency was chosen to match 
approximately the cutoff frequency of Figure 6,35 for A r =s M = 16> Figure 6,37(a) shows 
the impulse response of the filter, and Figure 6.37(b) shows the log magnitude of the fre- 
quency response in dB. Comparing this frequency response to Figure 6.35, we observe 
that the passband of the filter has approximately the same width, but that the transition to 
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Figure 6.37 {a) Impulse response for the nonrecursive niter tf eq. (6,82); 
(b) log magnitude of the frequeflty response of the filter. 
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the stopband is sharper. In Figures 6.38(a) and (b), the magnitudes (on a linear amplitude 
stale) of the two filters are shown for comparison. It should be clear from the compari- 
son of the two examples that, by the intelligent choice of the weighting coefficients, the 
transition band can be sharpened. An example of a higher order iowpass filter (jV = A/ = 
125) t with the coefficients determined through a numerical algorithm referred to as the 
Paries -McClelian algorithm, 4 is shown in Figure 6.39. This again illustrates the trade-off 
between the time and frequency domains: If we increase the length N + M + 1 of a filter, 
then, by a judicious choice of the filter coefficients in eq. (6,80), we can achieve sharper 
transition band behavior and a greater degree of frequency selectivity. 

An important property of the examples we have gi ven is that they all have zero or 1 in - 
ear phase characteristics. For example, the phase of the moving-average filter of eq. {6/79) 
is w[(JV - A4)f2] r Also, since the impulse response in eq. (6.82) is n*al and even T the im- 
pulse response nf the filter described by that equation is real and even, and thus has zero 
phase. From the symmetry properties of the Fourier transform of real signals* we know 
that any nonrecursivc filter with an impulse response that is real and even will have a 
frequency response H(e Jta ) that is real and even and, consequently, has zero phase. Such a 
filter, of course h is noncausal T since its impulse response h[n] has nonzero values for n < 0. 
However, if a causal filter is required, then a simple change in the impulse response can 
achieve this, resulting in a system with linear phase. Specifically, since h[n] is the impulse 
response of an FIR filter, it is identically zero outside a range of values centered at the origin 




Figure 6.3S Comparison, on a 
linear amplitude scale, of the frequency 
responses of (a) Figure 6.37 and 
(b) Figure 635. 



* A. V. Oppcaheim and R, W, Schafcr, Discrete-Tim* Signal Processing (Engle wood Cliffs, NJ- Prentice- 
HalUnc, 1989), Chap, 7. 
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Figure 6.39 Ltnvpass nonrecursjve filter with 251 coertticients designed to attain the 
sharpest possible cutoff. 

(i.e., h[n] =* for all |nj > N). If we now define the nonrecursive LTI system resulting 
from a simple N-step delay of fc[n] T i.e>, 

hdn] = h[n-Nl (6.83) 

then ^ [n] = for all n < 0, so that this LTI system is causal Furthermore, from the time- 
shift property for discrete- time Fourier transforms, we see that the frequency response of 
the system is 

ffi(e J *") ~ H(e fia }e- JaM . (6.84) 

Since Hie***} has zero phase, H\{e ita ) does indeed have linear phase. 



6.8 SUMMARY 



In this chapter, we have built on the foundation of Fourier analysis of signals and systems 
developed in Chapters 3-5 in order to examine in more detail the characteristics -of LTI 
systems and the effects they have on signals. In particular, we- have taken a careful look at 
the magnitude and phase characteristics of signals and systems, and we have introduced 
log-magnitude and Bode plots for LTI systems. We have also discussed the impact of 
phase and phase distortion on signals and systems. This examination led us to understand 
the special role played by linear phase characteristics, which impart a constant delay at all 
frequencies and which, in turn, led to the concept of noncoTistant group delay and disper- 
sion associated with systems having nonlinear phase characteristics. Using these tools and 
insights, we took another ]ook at frequency-selective filters and the time-frequency irade- 
offs involved. We examined the properties of both ideal and non -ideal frequency-selective 
filters and saw that time-frequency considerations, causality constraints, and implemen- 
tation issues frequently make non -ideal filters, with transition bands and tolerance limits 
in the passbands and stopbands, the preferred choice. 
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We also examined in detail the time-frequency characteristics of first- and second- 
order systems in both continuous and discrete time. We noted in particular the trade-off 
between the response time of these systems and the frequency-domain bandwidth. Since 
first- and second-order systems are the buiiding blocks for more complex, higher order LTI 
systems, the insights developed for those basic systems are of considerable use in practice. 

Finally, we presented several examples of LTI systems in order to illustrate many of 
the points developed in the chapter. In particular, we examined a simple model of an auto- 
mobile suspension system to provide a concrete example of the time-response-frequency- 
response concerns dut drive system design in practice. We also considered several 
examples of discrete-time nonrecursive filters, ranging from simple moving- average 
filters to higher order FIR filters designed to have enhanced frequency selectivity. We 
saw, in addition, that FIR filters can be designed so as to have exactly linear phase. These 
examples, the development of the tools of Fourier analysis that preceded them, and the 
insights those tools provide illustrate the considerable value of the methods of Fourier 
analysis in analyzing and designing LTI systems. 



Chapter 6 Problems 



The first section of problems belongs to the hosic category, and the answers are pro- 
vided in the hack of the book. The remaining two sections contain problems belonging to 
the basic and advanced categories, respectively 



BASJC PROBLEMS WITH ANSWERS 

6.1, Consider a continuous-time LTI system with frequency response ff(jw) = 
|//(yw}k < " * ,, and real impulse response h(t). Suppose that we apply an input 
x(t) = co£(fc> f + (£o) to this system. The resulting output can be shown to be of the 
form 

MO = A*ti ~ 'oX 

where A is a nonnegative real number representing an amplitude-scaling factor and 
U± is a time delay. 

(a) Express A in terms of |//(jw c )|. 

(b) Express r in terms of <H(jtii U ). 

6.2. Consider a discrete-time LTI system with frequency response H{e Jto ) = 
\H(e JtAi )\e ! * H( -' ,i "' 1 and real impulse response h[n\. Suppose that we apply the input 
.v[n] ™ sin(o>on + <ft>) to this system. The resulting output can be shown to be of 
the form 

y[n\ = \H{e^)\jc[n - w& ], 

provided that <H(£^) and w<> are related in a particular way. Determine this rela- 
tionship. 

63. Consider the following frequency response for a causal and stable LTT system: 

1 - ju> 



H{ji») = 



1 -+- jut' 
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(a) Show that \H(jta}\ - 4 T and determine the value of A. 

{b} Determine which of the following statements Lstrue about t(m), the group delay 

of the system. (New, t(w) = —d(<H(jw))ldw, where &H{jw) is expressed 

in a form that does not contain any discontinuities.) 

L t(cu) = Ofor&j > 

2. t(<o)> Oforo) ^0 

3- r(tu) < for w > 

6,4. Consider a discTete-time IJT1 system with frequency respctise Hie'*") and real im- 
pulse response h[n]. The group delay function for such a system is defined as 

where <//(f Jtl) ) has no discontinuities Suppose that, for this sy>.tem. 

\H(e' v!2 )\ = 2, <//(^°) = 0, and t[^) = 2. 



Determine the output of the system for each of the following inputs: 
(a) co*(£n) (b) sin(^« + J) 

6.5. Consider a continuous- time ideaJ bandpass filter whose frequency response is 

(a) If h(t) is the impulse response of this* filter, determine a function g{t\ such thai 

(b ) As o» f is increased, does the i mpu lse response o f the ti Iter ge I more cone en trated 
or less concentrated about the origin* 1 

6.6. Consider a discrete-time ideal highpa^s filter whose frequency response is specified 
as 

Hun = f '• - - *' - M - * . 

^ t| |cu < 77 — die 
(a) If h[n\ is the impulse respanse of this filter, determine a function g[n] such that 

/^inw r u\ 

(b> Astu r is increased, does the irrtpuise response of the filter get mure concentrated 
or less concentrated about the origin? 

6.7. A continuous-time lovvpiiis filter has been designed with a passband frequency of 
1 h 000 Hz, a stopband frequency of 1 h 200 Hz, passband ripple of 0, 1 T and stopband 
ripple of 0-05, Let the impulse response of this lowpass filter be denoted by h(r). We 
wish to convert the filter into a bandpass filter with impulse response 

a(D - 2fKr)c0s(4,ooO ;7 a 
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Assuming that \H(jta)\ is negligible for |a>| > 4,0Q0ir s answer the following ques- 
tions: 
(a) If the passband ripple for the bandpass filter is constrained to be 0. 1, what ait 

the two passband frequencies associated with the bandpass filter? 
(b> [f the stopband ripple for the bandpass filter is constrained to be 0.05 T what are 

the two stopband frequencies associated with the bandpass filter? 

6.8. A causal, nonideal lowpass filter is designed with frequency response Hie*™)* The 
difference equation relating the input x[n] and output y[n] for this fitter is specified 
as 

M«l = ^a k y{n-k] + ^ b t x[n - %], 

The filter also satisfies the following specifications for the magnitude of its fre- 
quency response: 

pa ssbaud frequency = ta p , 

passband tolerance =*= & pr 

stopband frequency = w Tp 

stopband tolerance =* S r . 

Now consider a causal LTI system whose input and output are related by the differ- 
encc equation 

Show that this filter has a passband with a tolerance of 5 pi and specify the corre- 
sponding location of the passband. 

6.9, Consider a continuous-time causal and stable LTI system whose input x(t) and out- 
put }'(r) are related by the differential equation 

^ + WO - 2,(0. 

What is the final value j-(k) of the step response s(t ) of this filter? Also, determine 
the value of In for which 



sfa) = sM 



1 



6.10, For each first-order system whose frequency response is as Follows, specify :he 
straight-line approximation of the Bode magnitude plot - 

W *(£&) 0.) o.04(^) 

6.11. For each second-order system whose frequency response is as follows, specify the 
straight-line approximation of the Bode magnitude plot: 
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6.12, A continuous-time LTI system S with frequency response H(jbi) is constructed by 
cascading two continuous-time LTI systems with frequency responses H]{jq>} and 
Hiijki)* respectively. Figures F6.12(a) and P6.12<b) show the straight-line approx- 
imations of the Bode magnitude plots o£H\(j&) and H{jat) t respectively. Specify 
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6*13. The straight-line approximation of the Bode magnitude plot of a second-order 
continuous-lime LTI system S is shown in Figure F6.13. £ may be constructed by 
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either txtrmecting tw/o first- order sy stems Si and S^ in cascade or two first -nrdei 
systems 5s and A4 in parallel. Determine which, if any, of the following .statement 
lite true or false. Justify your answer*. 

(a) The frequency responses of S\ and S^ may be determined uniquely. 

(b) The frequency responses of Sy and 5 4 may be determined uniquely. 

6.14. The straight-line approximation of the Bode magnitude plot of a causal and stable 
ccnLinuous-time LTI system S is shown in. Figure P6. 14. Specify the frequency re- 
sponse of a system that i* the inverse of 5. 



&J4 dB f- 

30 dB - - 



, dG/decade 



12 dB 




w (nad/sec) Figure P6. 1 4 



6.15, For each of the following second-order differential equations for causal and sta- 
ble LTI systems, determine whether the corresponding impulse response is under 
damped, overdamped, or critically damped 



(a) 
(b) 
(O 
(d) 



d'vm 



di- 



+n 



tz*i*ij) j_ *^>Oj 



J *" +4y(0- Jt(f) 



<J : y{ji 



+ 20^ +■ y(r) = x{!\ 






i -Mr) 



I Jjtiri 



+ 4^i-5\ii) = 7*tf)+^-f* 



6,16* A particular first-order causal and stable diserete-iime LTI system has a step re- 
sponse whose maximum civershixrt is 50% of its final value. If the final value is 1, 
determine a difference equation relating the input *[«! and output y\ri] of this filler. 

6. 1 7, Foi each of the following second-order difference equations for causal and stable LTI 
systems, determine whether or not the step response of the system is oscillatory: 

(a) y\n] + y[n - Y\+ I y' L n - 2) = xM 

(b) y[n\ - y[n - 1] + ^y[n » 2J = *[«] 

6.18. Consider the continuous-time LTI system implemented as the RC circuit shown in 
Figure P6.1S. The voltage source jc{t) is considered the input to this system. The 
voltage >t/) across the capacitor is considered the system output. Is it possible for 
the step response of the system to have an oscillatory behavior? 
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Figure P6.1S 



6,19. Consider the continuous-time LT1 system implemented as the RLC circuit shown 
in Figure P6.19, The voltage source x{t) is considered the input to this system The 
voltage y{t) across the capacitor is considered the system output. How should R, L, 
and C be related so that there is no oscillation in the step response 7 






■mmr^- 



xft) 



6 



V(*) 



■o Figure P6.T 9 



6.20. Consider a nynrecursive filter with the impulse response shown in Figure P6.20. 
What is die group delay as a function of frequency for this filter? 
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BASIC PROBLEMS 



6.21. A causal LTI filter has the frequency response H(Jia) shown in Figure P6.2L For 
each of the input signals given below, determine the filtered output signal y(t), 

(a) x{t) = e> } (b) x{i) * (sin *» r)if (' ) 



(c) XU*}) = 



_t 



(<t) X(ja) = 



_j 

2 + jw 
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Figure P6 .21 

6.22* Shown in Figure P6.22(a) is the frequency response H{jto} of a continuous-time 
filter referred to as a lowpass differentiator. For each of the input signals _*(/) below, 
determine the filtered output signal y(r) r 
(a) x{t) = cQ5(2irt + 6) 
(h> x(r) = cos(4irf + 8) 
(c) x(t ) is a half-wave rectified sine wave of periods as sketched in Figure P6. 22(b). 

' sin2irt T m ^ t ^ (m + {) 
h (m + | ) ^ t < nt for any integer m 



JftO = 



|H(j»)l 



£<^i 



-3. 



3*7 



(a) 



4H(M 



-3i 



„JL 



*(t) 



1" 



Z^_ ^ n 



fb) Figure P6.22 

6.23. Shown in Figure P623 is |//{jgj)| for a lowpass filter. Determine and sketch the 
impulse response of the filter for each of the following phase characteristics: 
(at) <H{j*>) = 
(b) <H(jfii) = otT* where T is a constant 
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tit~ CJ 



Figure P6.23 



(c) <m Ja >) = 



& >o 




6.24. Consider a continuous- time lowpass iilter whose impulse response hit) is known to 
be real and whose frequency response magnitude is given as. 

11 [ O h otherwise 

(a) Determine and sketch the real-valued impulse response h(t) for this filter ^hen 
the corresponding group delay function is specified as: 

<i) t(b>) = 5 <ii) t(«) = § (iii) t(«) = -| 

(b) If the impulse response A<rJ had not been specified to be reaU would knowl- 
edge of \H(j{*}}\ and Tiat) be sufficient to determine fc(r) uniquely? Justify your 
answer. 

6.25. By computing the group delay al two selected firequtinc ies, verify thai each if the 
following frequency responses has nonlinear phase. 

(a) H{ja>\ = -r^-r (b) Wf>) = rr^TT- < c ) #(>>) = ; ,1 ^, 

' ** JW 4- I ^ -r ' I Jfth + ] J - ^ J v ' 1 /(J - 1 it HO + ^ I 

6*26* Consider an ideal htghpass tiltcr whose frequency response is specified as 



ff(jw) - 



1. |oi| > <t>t 

0, otherwise 



{a) Determine the impulse response h{t J for this filter. 

(b) As t>, is increased, does hit) gel more or less concentrated ;ibr>ut the origin? 

(c) Determine i(0) and if ^J T where j(0 is the step response of the filter. 

6.27. The output y(t) of a causaJ LTI system is related no the input x(t) by ihe differential 
equation 

^ y 2>v) = m. 

at 
{aj Determine the frequency response 

of the system, and sketch its Bode plot, 
(b) Specify* as a function of frequency, the group delay associated with this sy item. 
(cj H xit) = ^~'n(/> t determine Y{jw) s the Fourier transform of Ihe output. 
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(d) Using the technique of partial -fraction expansion, determine the output y't) for 
the input *(r) in part(c). 

(e) Repeat parts (c) and (d), first if the input has as its Fourier transform 
(l) *(/*)=.££, 

then if 
(H) X(j») - f±£, 

and finally, if 

6*28- (a) Sketch the Bode plots for the following frequency responses: 
(i) 1 +(yfti/10) <ji) 1 -{jo>nO) 

™ v ijo>r 4- (;*,)- 1 < vm ' |4- ( y«/|flj 

(ix) I + j<w + (_/u) : (x) 1 - jw +- (jot) 2 

(b) Determine and sketch the impulse response and the step response tor the sys- 
tem with frequency response (iv). Do the same for the system with frequency 

response (vi). 

The system given in (iv) is often referred to as a non -minimum-phase 
system, while the system specified in iv\) is referred to as being a minimum 
phase. The corresponding impulse responses of (iv) and (vi) are referred u> as 
a non-mimmurn-phase signal and a mjni mum-phase signal, respectively. By 
comparing the Bode plots of these two frequency responses, we can see that 
they have identical magnitudes; however, the magnitude of ihe phase of the 
system of (iv) is larger than for the system of (vi). 

We can also note differences in the time-domain behavior of the two sys- 
tems. For example, the impulse response of the minimum-phase system has 
more of its erieTgy concentrated near t = than does the impulse response of 
the non-minimum-phase system. In addition, the step response of (\\ ) initially 
has the opposite sign from its asymptotic value as r — > te , while this ii not the 
case for the system of (vj) r 

The important concept of minimum- and non- minimum-phase systems 
can be extended to more general LTI systems than the simple first-order systems 
we have treated here, and the distinguishing characteristics of these systems can 
be described fay more thoroughly than we have done, 

6*29, An LTI system is said to have phase lead at a particular frequency to --= uh\ if 
<H{jo}q) > 0. The terminology stems from the fact that if e ja " ,s is the input to 
this system, then the phase of the output will exceed, or lead, the phase of the input. 
Similarly, if <fl{jw t} ) < 0, the system is said to have phase lag ai this frequency. 
Note that the system with frequency response 

1 

1 +■ JUT 
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has phase lag for all cu >0 a while the system with frequency response 

1 + jut 

has phase lead for all w > 0. 

(a) Construct the Bode plots for the following two systems. Which has phase lead 
and which phase lag? Also, which one amplifies signals at certain frequencies? 



<i> 



I ■+ tC\ru 



<ii) 



1+L3j< 



(b) Repeal part (a) for the following three frequency responses: 



(i) 






{«) 



1 + rujt|0 



(iii) 



_L+ iojm _ 



6,30, Let x{t) have the Bode plot depicted in Figure P6.30. The dashed lines in the figure 
represent straight-line approximations. Sketch the Bode plots for lOjt(lDf)- 
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Figure Pfr.30 



6,31* An integrator has as its frequency response 

where the impulse at oj = is a result of the fact that the integration of a constant 
input from t — — « results in an infinite output. Thus, if we avoid inputs that are 



Ctiap 6 Piabloira 



4*3 



constant, or equivalently, only examine H(jat) for tt> > 0, we see that 

201og|i/0«)| = -20Jog<«), 

<tf (>>) = ^. 

In other words, the Bode plot for an integrator, as illustrated in Figure P6.3 1 , consists 
of two straight-line plots. These plots reflect the principal characteristics of an inte- 
grator : a phase shift of — 90° at all positive val ues of frequency arid the amplification 
of low frequencies. 

(a) A useful, simple model of an electric motor is an LTT system with input equal to 
the applied voltage and output given by the motor shaft angle. This system can 
be visualized as the cascade of a stable LTI system (with the voltage as input 
and shaft angular velocity a? output) and an integrator (representing the Integra- 
tion of the angular velocity). Often, a model of first-order system is used for the 
first part of the cascade. Assuming, for example^ that this first-order system has 
a time constant of 0. 1 second, we obtain an overall motor frequency response of 




J0C 



- 




Figure P6.31 
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the form 






Sketch the Bode plot for the system for*t> > O.OO? 
<b) Sketch the Bode plot for a differentiator, 
(c) Do the same for systems with the following frequency responses: 



(i) HU«i) = 
(ii) Hljw) = 



J™. 



l+jw/LOO 



U-(jw)'l(H-(jrtO : /IOO) 

6*32, Consider the system depicted in Figuie P6,32. This 'compensator 1 ' box is a continu- 
ous-time LTI system. 

(a> Suppose that it is desired to choose the frequency response of the compensator so 
that the overall frequency response H {jot) of the cascade satisfies* the following 
two conditions: 
1* The log magnitude of ff(jt&) has a slope of —40 dB/decade beyond & ■= 

1,000. 
2. For < & < 1 ,000, the log magnitude of H(jat) should be between 

MOdBandlOdB. 
Design a suitable compensator (that is, determine a frequency response for a 
compensator that meets the preceding requirements), and draw the Bode plot 
for the resulting //(jw), 
(b) Repeat (a) if the specifications on the log magnitude of fi{jta) are as follows: 

1. Jt should have a slope of +20 dB/decade for < w < 10. 

2. It should be between +10 and +30 dB tor 10 < to < 100. 

3. It should have a slope of -20dB/decade for 100 < o> < 1,000. 

4. Jt should have a slope of -40 dB/decade for w > l h 000. 



x{t) 









1 




Compensator 






ju + 50 







y(fl 



Figure P6.3Z 



6,33. Figure P6.33 shows a sjstem commonly used to obtain a highpass filter from a 

lowpass filter and vice versa. 

(a) Show that if #(jg>) is a lowpass filter with cutoff frequency wi pi the overall 
system corresponds to an ideal highpass niter. Determine the system's cutoff 
frequency and sketch its impolse response. 

<b) Show that, if H(Jto) is an ideal highpass filter with cutoff frequency w^ r the 
overall system corresponds to an ideal lowpass niter, and determine the cutoff 
frequency of the system. 

(c) if the interconnection of Figure P6.33 is applied to an ideal discrete-time low- 
pas* filter, will the resulting system be an ideal discrete-time highpass filter? 




Figure P6.33 
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6.34- In Problem 6.33, wt considered a system commonly used to obtain a highpass filter 
from a lowpass filter and vice versa. In this problem, we explore the system further 
arid, in particular, consider a potential difficulty if the phase of //(/<e) is rot properly 
chosen. 

(a) Referring to Figure P6.33, let us assume that H(jw) is real and as shown in 
Figure P6.34. Then 

1 - d t < H(ja>) < 1 + S h ^ ta ^ w u 

Determine and sketch the resulting frequency response of the overall system of 
Figure F6.33, Does the resulting system correspond to an approximation to a 
highpass filter? 
(bl Now let H{jta) in Figure F6.33 be of the form 



Hijft*) ±* /f,o«>*^\ 



<p6J4-i: 



where H\{jt*>y is identical to Figure P6.34 and 0{t*>) is an unspecified phase 
characteristic, With H(j<a} in this more general form, does it still correspond to 
an approximation to a lowpass filter? 

(c) Without making any assumptions about 9(tu), determine and sketch the toler- 
ance limits on the magnitude of the frequency response of the overali system of 
Figure P633. 

(d) If H{jw) in Figure P6.33 is an approximation to a lowpass filter with unspec- 
ified phase characteristics, will the overall system in that figure necessarily 
correspond to an approximation to a highpass filter? 



HH 



1+& 



1-&I 




Figure P6.34 



6 35. Shown in Figure Pfj,35 is the frequency response Hie**) of a discrete-time differ- 
entiator. Determine the output signal y[ri\ as a function of to if the input x[n] is 



x{n] = cas[to$n + &]. 
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6 36. Consider a discrete-time Lowpass filter whose impulse response h[n] is known to be 
real and whose frequency response magnitude in the region — it ^ tit ^ iris given 
as: 



\H(^)\ = 



-It 



otherwise " 



Determine and sketch the real- valued impulse response h[rt] for this filter when the 
corresponding group delay function is specified as: 
(a) t(«J = 5 (p) rfrO = § (c) tC*u) = -| 

6.37. Consider a causal LTL system whose frequency response is given as: 

Hie** 1 ) = e-J*— 2 



i - y-* 



(a) Show that |//(t J ")\ i& unity at all frequencies, 

(b) Show that 



<tf(e JW ) = -to - 2 tan 



-i 



I sin a 



1 - ^ COS ttf 



(t) Show that the group delay for this filter is given by 



t(*j) = 



j — cos a> 



Sketch tiw). 
(d) What is the output of this filter when the input is cos(yn)? 

6J& Consider an ideal bandpass filter whose frequency response in the region -it ^ 
w ^ 7T is specified as 



H(c**) = 



1. ^ — tu c =s \w\ S * + 0» r 
Q d otherwise 
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Determine and sketch the Impulse response h[tt] tor this filter when 
<»> *>, = f 
(b) «> c - 5 

As ta c is increased, does /i[n] get more or less concentrated about the origin? 
6*39* Sketch the log magnitude and phase of each of the foUowing frequency responses. 



i ^~ 



y* 



(a) 1 + i* 
(c) 1 -le-J" 

(*0 



(b) 1 ¥2e~ iia 
<d) 1 -f le-*" 3 " 



- 1 

T 



is) 

0) 

(k) 






<i 



J Mi 






i"* - '") 



(f) 



i f 



£ 



J + if-/" 



{1-i*-^J(W jf"'-) 



6*40* Consider an ideal discrete-time lowpass filter with impulse response h[n] and for 
which the frequency response H(e^) is thai shown in Figure P6.40. Let us consider 
obtaining a new filter with impulse response h\ [n] and frequency response Hi (e ja> ) 
as follows: 



A L [n] = 



(k[_nfl\ y neven 
0. nodd 



This corresponds to inserting a sequence value of zero between each sequence value 
of h[n\. Determine and sketch M\(eJ M ) and state the class of ideal filters to which it 
belongs {e.g., lowpass, highpass, bandpass, mulriband, etc.). 



-ai 



H(e^) 



<H(*J")=0 



C 



**e 



**c 



v 2tt w Figure P6.40 

641. A particular causal LTl system is described by the difference equation 

Jl 1 

y[n] - -Y>in - 1] + -y[n - 2] = x[n] - *[n - 1]. 

(a) Find the impulse response of this system. 

(b) Sketch the log magnitude and the phase of the frequency response of the system, 

642, (*) Consider two LTI systems with the following frequency responses: 






■ + £> 



I + \e~ 



I 4. -U">* 
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Show that both of these frequency responses have the same magnitude function 
[i.e., |//i(e /w )| = 1^2(^)1]* but the group delay of // 2 f^ w )is greater than the 
group delay of H^e'") forw > 0. 

(b) Determine and sketch the impulse and step responses of the two systems 

(c) Show that 

where G(e Jt "} is an ail-pass system [i.e., |G(*^™)| = 1 for all ut]. 

6.43. When designing filters with highpass or bandpass characteristics, it is often conve- 
nient first to design a lowpass filter with the desired passband and stopband specifi- 
cations and then to transform this prototype filter to the desired highpass or bandpass 
filter. Such transformations are called lowpass-to- highpass or highpiasft-to-lowpass 
transformations. Designing niters in this manner is convenient because it requires 
us only to formulate our filter design algorithms for the class of filters with low- 
pass characteristics. As one example of such a procedure, consider a discrete-time 
lowpass filter with impulse response hh P [n] and frequency response ffi p (£'"), as 
sketched in Figure 1*6,43, Suppose the impulse response is modulated with the se- 
quence(-l) n to obtain A hp [rt] - (-l)"ft| P [n]. 

(a) Determine and sketch H^pie^ ) in terms of H\ p (e Ju ). Show in particular that, for 
H\ 9 (e^)as shown in Figure F6.43, H hp (e JW ) corresponds to a highpass filter, 

(b) Show that modulation of the impulse response of a discrete-time high pass filter 
by (—1)" will transform it to a lowpass filter 



-2i 



1 




2ti 



Figure P6.43 



644. A discrete-time system is implemented as shown in Figure F6,44. The system S 
shown in the figure is an LTI system with impulse response Ai p [n]. 

(a) Show that the overall system is time invariant. 

(b) If h lp [n] is a lowpass filter, what type of filter does the system of the figure 
implement? 
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6.45. Consider the following three frequency responses for causa) and stable third-order 
LTI systems. By utilizing the properties of first- and second-order systems dis 
cussed in Section 6.6, determine whether or not the impulse response of each of the 
third-order systems is oscillatory. (Note: You should be able to answer this ques- 
tion without taking the inverse Fourier transforms of the frequency responses of the 
third-order systems ) 



We'") = 



I 



(1- i*-J«)(l- I*-J*)(L - ±e->*>) 



(1 + i (?-/<* )(1 - Itf-J«)(l - ie >)' 



(1 - i<-^)(1 - \e-J<» -+■ ^~ j2u )' 



6*46. Consider a causal, nonrecursive (FIR) filter whose real-valued impulse response 
h[n] is zero for ft ^ N. 

(a I Assuming that iV is odd, show that if h[n) is symmetric about (N - l)/2 (i.e., if 
h[(N - \yi 4- n\ = h[(N - l)/2 — *]), then 

//^) = A(©)e- J[W_l)fll * , > 

where A(ta) is a real-valued function of <*>. We conclude that the filter has linear 
phase. 

(b) Give an example of the impulse response k[n] of a causal, linear-phase FTR 
filter such that h[n\ = for n > 5 and h[n] * for s= n ^ 4. 

(c) Assuming that ;V is even, show that if fc[n3 is symmetric about {N - 1 )/2 (i.e,, 
if ft[(JV/2) + «] = A[JW2 - » - 1]), then 

where A(o>) is a real-valued function of to. 

(d) Give ai example of the impulse response h[n) of a causal, linear-phase FIR 
filter such that h[ri\ *= for n ^ 4 and h[n] ¥> for ^ n =e 3. 

47* A three-point symmetric moving average, referred to as a weighted moving average, 
is of the form 

y[n] = b{ax[n - I] + x[n] + ax\n + 1]}, (P6.47-1) 

(aj Determine, as a. function of a and b y the frequency response ff (e^* 1 > of the three- 
point moving average in eq. (P6.47-1). 

<b) Determine the scaling factoi b such that /JO'") has unity gain at zero frequency. 

(c) In many time-series analysis problems h a common choice for the coefficient a 
in the weighted moving average in eq. (P6.47-1) is a = 1/2 Determine and 
sketch the frequency response of the resulting filter. 

6*48, Consider a four-point, moving-average, discrete-time filter for which the difference 
equation is 

y[n] - b§x[n\ + bix[n - 1J + b 2 x[n - 2) + b$x[n - 2]_ 
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Determine and sketch the magnitude of the frequency response for each of the fol- 
lowing cases: 

(a) ba = fa = 0, £>i = fa 

(b) hi = & 2 ^ 0, Ao = &* 

(c) i?o = 6 1 = i»2 = frj 

(d) ha = -b\ = fa = -fa 

ADVANCED PROBLEMS 

6.49, The time constant provides a. measure of how fast a first-order system responds to 
inputs The ides nf measuring the speed of response of a system is also important for 
higher order systems, and in this problem we investigate the extension of the time 
constant to such systems. 

(a) Recall that the time constant of a first-order system with impulse response 

h{i) - ae~"'u{iX a > 0, 

is Ma t which is the amount of time from f = that it takes the system step 
response s(t) to settle within \/e of its final value [i.e„ s(«?) = lim f _•»*{*)]. 
Using this same quantitative definition, find the equation that must be solved in 
order to determine the time constant of the causal LT1 system described by the 
differential equation 

d 2 v(t) dvU\ 

d^ + ll dT + 10yit) = 9X{ °- (P649-1) 

(b) As can be seen from part (a) t if we use the precise definition of the time constant 
set forth there, we obtain a simple expression for the time constant of a first- 
order system, but the calculations are decidedly more complex for the system 
of eq. (P6 49-1), However, show that this system can be viewed as the parallel 
interconnection of two first-order systems. Thus, we usually thinit of the system 
of eq. (P6\49-l) as having two time constants, corresponding to the two first- 
order factors. What are the two time constants for this system 9 

(c) The discussion given in part (b) can be directly generalized to all systems with 
impulse responses that are linear combinations of decaying exponentials. In 
any system of this type, one can. identify the dominant time constants of the 
system, which are simply the largest of the time constants. These represent the 
slowest parts of the system response, and consequently, they have tbe dominant 
effect on how fast the system as a whole can respond. What is the dominant 
time constant of the system of eq. (P6.49-1)? Substitute this time constant into 
the equation determined in part (a). Although the number will not satisfy the 
equation exacdy, you should see that it nearly does, which is an indication that 
it is very close to the time constant defined in part (a). Thus, the approach we 
have outlined in part (b) and here is of value in providing insight into the speed 
of response of LTI systems without requiring excessive calculation. 

(d) One i mportam use of the concept of dominant u" me constants is in the reduction 
of the order of LTI systems. This is of great practical significance in problems 
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Figure P6.49 



involving the analysis of complex systems having a few dominant time con- 
slants and other very small time constants. In order to reduce the complexity 
of the model of the system to be analyzed, one often can simplify the fasl parts 
of the system. That is, suppose we regard a complex system as a parallel in- 
terconnection of first- and second-order systems. Suppose also that one of these 
subsystems, with impulse response h(t) and step response s(tl is fast— that is, 
that j(/) settles to its final value j(<») very quickly. Then we can approximate this 
subsystem by the subsystem that settles to the same final value instantaneously. 
That is, if f{f) is the step response to our approximation, then 

S(t) = s(<*Mt\ 

This is illustrated in Figure P6.49. Note that the impulse response of the ap- 
proximate system is then 

8(0 = si^H*}. 

which indicates that the approximate system is memoryiess. 

Consider again the causal LTI system described by eq. (P6.49-1 ) and, in 
particular, the representation of it as a parallel interconnection of two first-order 
systems, as described in part (h). Use the method just outlined to replace the 
faster of the two subsystems by a memoryless system. What is the differential 
equation that then describes the resulting overall system? What is the frequency 
response of this system? Sketch \H(j&)\ (not log \M(jat)\) and <ff(/w) for both 
the original and approximate systems. Over what range of frequencies are these 
frequency responses nearly equal? Sketch the step responses for both systems. 
Over what range of rime are the step responses nearly equal? From your plots, 
you will see some of the similarities and differences between the original sys- 
tem and its approximation Hie utility of an approximation such as this de- 
pends upon the specific application. In particular, one must take into account 
both how widely separated the different time constants are and also the nature 
of the inputs to be considered. As you will see from your answers in this part of 
the problem, the frequency response of the approximate system is essentially 
the same as the frequency response of the original system at low frequencies. 
That is, when ihe fast parts of the system are sufficiently fast compared to the 
rate of fluctuation of the input, the approximation becomes useful. 
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6.50. The concepts associated with frequency -selective filtering are often used to sepa- 
rate two signals that have been added together. If the spectra of the two signals do 
not overlap, ideal frequency-selective filters are desirable. However, if the spectra 
overlap, it is often preferable to design the filter to have a gradual transition between 
passband and stopband. In this problem, we explore one approach for determining 
the frequency response of a filter to be used for separating signals with overlapping 
spectra. Let x(t) denote a composite continuous-time signal consisting of the sum 
of two signals j(/) + w(r). As indicated in Figure P6,50(a)> we would like to design 
an LTI filter to recover s{l) from x(t). The filter's frequency response ti(jw) is to 
be chosen so that* in some sense, y{t) is a "good" approximation to s{t\ 

Let us define a measure of the error between y(t) and j(r) at each frequency 
«> as 

t«u) = |5(/w)-n»| 2 . 

where S(jto) and Y(j<t>} are the Fourier transforms of s{t) and yit), respectively. 

(a) Express e(*u) in r terms of S{j<*>), H{jtti\ and W{jaf\ where W(jat) is the 
Fourier transform of iv(/). 

<b> Let us restrict H{Jw) to be real, so that #0*0 - H*(jtii) By setting the deriva- 
tive of «(&») with respect toH(jto) to be zero, determine the H(jo>) required to 
minimize the error *(*>)> 

(c) Show that if the spectra of 5(jtu) and W{jw) are non -overlapping, the result in 
part (b) reduces to an ideal frequency-selective filter. 

(d) From your result in part (b) h determine and sketch H(jtii) ifS(jat) and W(ju>) 
are as shown in Figure P6.50(b). 
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4.51. An ideal bandpass filter is a bandpass filter that passes only a range of frequencies, 
without any change in amplitude or phase. As shown in Figure P6,51(a), let the 
passband be 

(a) What is the impulse response h(t) of this filter? 

(b) We can approximate an ideal bandpass filter by cascading a first-order lowpass 
and a first-order highpass filter, as shown in Figure P6 .5 1(b). Sketch the Bode 
diagrams for each of the two filters tf|(/tu) and M 2 {jaty 

(c) Determine the Bode diagram for the overall bandpass filter in terms of your 
results from part (b). 
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6.52. In Rgure P6.52(a), we show the magnitude of the frequency response for an ideal 

continuous- time differentiator. A nonideal differentiator would have a frequency 

response that is some approximation to the frequency response in the figure. 

(a) Consider a nonideal differentiator with frequency response C{}<a) for which 

\Cijoj)\ is constrained to be within ±10% of the magnitude of the frequency 

response of the ideal differentiator at all frequencies; thai is t 

-ai|tf(j^)| =£ [\G<jo>)\ - |#0»}|] £ <U|/f(»L 

Sketch the region in a plot of G(ji*>) vs. a> where \G(jfo)\ must be confined to 
meet this specification. 
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(b) The system in Figure F6.52(b), incorporating an ideal delay of T seconds, is 
sometimes used to approximate a continuous-time differentiator. For T =■ 10~ 2 
second, determine the frequency range over which the magnitude of the fre- 
quency response of the system in the figure is within ±10% of that for an ideal 
differentiator 

6.53, In many filtering applications, it is often undesirable for the step response of a filter 
to overshoot its final value. In processing pictures for example, the overshoot in the 
step response of a linear filter may produce flare — that is, an increase in intensity — 
at sharp boundaries. It is possible, however, to eliminate overshoot by requiring that 
the impulse response of the filter be positive for all time. 

Show that if Mt), the impulse response of a continuous-time LTI filter, is al- 
ways greater than or equal to zero, the step response of the filter is a monotonically 
nondecreasing function and therefore will not have overshoot, 

6.54. By means of a specific filter design procedure, a nonjdeal continuous-time lowpass 
filter with frequency response Hq(J<**)i impulse response h$(t\ and .step response 
i-[}ir) has been designed. The cutoff frequency of the filter is at tu = 2tt X. 10 2 
rad/sec, and the step response rise time, defined as the time required for the step 
response to go from 10% of its final value to 90% of its final value, is r r = 10~ 2 
second. From this design, we can obtain a new filter with an arbitrary cutoff fre- 
quency <(> t by the use of frequency scaling. The frequency response of the resulting 
filter is then of the form 

where a is an appropriate scale factor. 

(a) Determine the scale factor a such that H\ P U">) has a cutoff frequency of w f . 
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(b) Determine the impulse response h lp (t) of the new filter in terms of w r and MO- 
(d Determine the step response s\p{i) of the new filter in terms of oi f and JoO r )- 
(d) Determine and sketch the rise time of the new filter as a function of its cutoff 
frequency &< , 

This is one illustration of the trade-off between time-domain arid 
frequenc} -domain characteristics. In particular, as. the cutoff frequency de- 
creases, the rise time tends to increase 

<i.55. The square of the magnitude of the frequency response of a class of continuous-time 
lowpass filters, known as Butterworth filters,, is 



1 - (*>/tn,) 2Ar 



Let us define the passband edge frequency bi ? as the frequency betow which 
B{ jw)j- is greater than one-half of its value at w = 0; that is, 



lB(j*>)\ 2 ^ Ub(M 2 , m<*v 



Now let us define the stopband edge frequency w s as the frequency above which 
\B(jhi)[ 2 is less than 10~ 2 of its vaJue at w = 0; that is, 

\B(juf ^ [0- 2 \B{jO)\\ fa\>v s . 

The transition band is then the frequency range betweeD <u p and ta s . The ratio u) 5 l<ii p 
is referred to as the transition ratio. 

For fixed w^ and making reasonable approximations, determine and sketch 
the transition ratio as a function of N for the class of Butterwoith filters. 

6.56. In this problem, we explore some of the filtering issues involved in the commercial 
version of a typical system that is used in most modern cassette tape decks to reduce 
noise. The primary source of noise ia the high-frequency hiss in the tape playback 
process, which, in some part, is due to the friction between the tape and the playback 
head. Let us assume that the noise hiss that is added to the signal upon playback has 
the spectrum of Figure PG~.56(a) when, measured in decibels, with dB equal to the 
signal level at 100 Hz r The spectrum Sijto) of the signal has the shape shown in 
Figure P6,56(b), 

The system that we analyze has a filter H\(jcj} which conditions the signal 
5(0 before it is recorded. Upon playback, the hiss n(t) is added to the signal The 
system is represented schematically in Figure P6J6(c). 

Suppose we would like our overall system to have a signaJ-to-noise ratio of 40 
dB over the frequency range 50 Hz < w/2-n - < 20 kHz. 

(a) Determine the transfer characteristic of the filter H\{ja>). Sketch the Bode plot 

(b) If we were to listen to the signal p(t} t assuming that the playback process does 
nothing more than add hiss to the signal, how do you think it would sound? 

(c) What should the Bode plot and transfer characteristic of the filter H 2 [jtit) be in 
order for the signal §(t) to sound similar to j(/>? 
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6*57. Show that if A[it], the impulse response of a discrete-time LT1 filter, is always greater 
than or equal to zero, the step response of the filter is a m on otoni tally uondecreasing 
function and therefore will not have overshoot, 

6*58. In the design of either analog or digital filters, we often approximate a specified 
magnitude characteristic without particular regard to the phase. For example, stan- 
dard design techniques for lowpass and bandpass filters are typically derived from 
a consideration of the magnitude characteristics only. 

In many filtering problems, one would ideally like the phase characteristics to 
be iero or linear. For causal filters, it is impossible to have zero phase. However^ for 
many digital filtering applications, it is not necessary that the unit sample response 
of the filter be zero for n < O if the processing is not to be carried out in real time. 

One technique commonly used in digital filtering when the data to be filtered 
are of finite duration and stored, for example, on a disc or magnetic tape is to process 
the data forward and then backward through the same niter. 

Let h[n] be the unit sample response of a causal filter with an arbitrary phase 
characteristic. Assume that h[n] is real, and denote its Fourier transform by H{e J< " ). 
Let x[ri\ be the data that we want to filter ITie filtering operation is performed as 
follows: 
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(a) Method A: Process x[rj] to get s[n] f as indicated In Figure P6J8(a). 

1* Determine the overall unit sample response hi[n] that relates x[n] and s[n], 

and show that it has zero phase characteristic. 
2. Determine (ffi(*' u )| and express it in terms of |ff(e>)| and <//(e' w ). 

<b) Method B: Process x[n] through the filter h[rt] to get g[n] [Figure Pfi.5S(b-)]. 
Also* process x{rt] backward through h[n] to get r[rij. The output y[n] is taken 
to he the sum of g[n] and r[-n]. The composite set of operations can be repre- 
sented by a filter with input x[n] t output y[n] t and unit sample response h 2 [n]. 

1. Show that the composite filter ft2[n] has zero phase characteristic. 

2. Determine \H 2 (e^)l and express it in terms of \H(e Jt *}\ and <H(e Jt »). 

(c) Suppose that we are given a sequence of finite ^Juration on which we would 
like to perform bandpass, zero-phase filtering. Furthermore, assume that we 
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are given the bandpass filter h[ri\ with frequency response as specified in Fig- 
ure P6.58(c) and with magnitude characteristic that we desire, but with Linear 
phase. To achieve zero phase, we could use either of the preceding methods, A 
or B. Determine and sketch \Hi(e ibl )\ and \H 2 {e JW )\. From these results, which 
method would you use to achieve the desired bandpass filtering operation? Ex- 
plain why. More generally, if h[n] has the desired magnitude, but a nonlinear 
phase characteristic* which method is preferable to achieve a zero phase char- 
acteristic? 

6*59, Le\hj[n] denote the unit sample response ofa desired ideal system with frequency 
response H^e^), and let k[n] denote the unit sample response for an FIR system 
of length N and with frequency response H{e&). In this problem, we show that a 
rectangular window of length N samples applied to h^ [n] will produce a unit sample 
response h[n] such that the mean square error 

ITT \-v 

is minimized. 

(a) The error function E(e^) = H d (e jat } - H(e^) can be expressed as the power 
series 

Find the coefficients e[n] in terms or ft^[n] and h[n\. 

(b) Using ParsevaTs relation, express the mean square tstor € 2 in terms of the co- 
efficients e[n\. 

(c) Show that for a unit sample response h[n] of length tf samples, e 2 is minimized 
when 



h\n\ = l W"l ° - n ~ N ~ l 
\ t otherwise 



That is, simple truncation gives the best mean square approximation to a desired 
frequency response for a fixed value of tf. 

6.60. In Problem 6.50, we considered one specific criterion for determining the frequency 
response of a continuous-time filter that would recover a signal from the sum of 
two signals when their spectra overlapped in frequency. For the discrete-time case, 
develop the rcsalt corresponding to thai obtained in part (b) of Problem 6.50. 

6.61. In many situations we have available an analog or digital filter module, such as a 
basic hardware element or computer subroutine. By using the module repetitively 
or by combining identical modules, it is possible to implement a new filter with 
improved passband'tr stopband characteristics. In this and the next problem, we 
consider two procedures for doing jus< that. Although the discussion is phrased in 
terms of discrete-time filters, much of it applies directly to continuous -time filters 
as well. 
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«i **? w w Figure P6.61 

Consider a lowpass filter with frequency response H{e jia ) for which li/^")! 
falls within the tolerance limits shown in Figure 1^.61 ; that is, 

1 - S, == |J/(r"*)| ^ 1 +■ 5|. ^ at ^ u>,, 
== IflV)! ^ B 2 , w 2 =£ a> =£ ir. 

A new filter with frequency response G{e )a/ ) is formed by cascading two identical 
filters^ both with frequency response //{e JW >. 

(a) Determine the tolerance limits on |G(^ W >(. 

(b) Assuming that H(e^) is a good approximation to a lowpass filter, so that S] << 
1 and $2 << I, determine whether the passband ripple for G(e^) is larger or 
smaller than the passband ripple for H{eJ"). Also, determine whether the stop- 
band ripple for G{e^) is larger or smaller than the stopband ripple for H(e }a> ). 

(c) If N identical filters with frequency response Hie***) are cascaded to obtain a 
new frequency response G(^*") T then, again assuming that d\ « land 62 « 
1, determine the approximate tolerance limits on |C{e^)|. 

6.62. In Problem 6,61, we considered one method for using a basic filter module repeti- 
tively to implement a new filter with improved characteristics. Let us now consider 
an alternative approach, proposed by J. W. Tiikey in the book. Exploratory Data 
Analyst s (Reading, MA: Addison -Wesley Publishing Co., Inc., 1976). The proce- 
dure is shown in block diagram form in Figure F6.62(a). 

(a) Suppose that H(e jM ) is real and has a passband ripple of nd \ and a siopband 
ripple of ±&2 (i>e. T H(e jai ) falls within the tolerance limits indicated in Fig- 
ure P6 .62(b)). Tlie frequency response G{e***) of the overall system in Figure 
P6.62(a) falls within the tolerance limits indicated in Figure P6,62(c). Deter- 
mine A y B, C, and D in terms of S t and S 2 . 

(b) If Bi << land £2 <<: 1, what is the approximate passband ripple and stopband 
ripple associated with G(*r'")? Indicate in particular whether the passband rip- 
ple for G(e^) is larger or smaller than the passband ripple for H{e^Y Also, 
indicate whether the stopband ripple for G(e^) is larger or smaller than the 
stopband ripple for HteJ* 1 ). 

(c) In parts (aj and (b), we assumed that H(e^) is real. Now consider H{e jM ) to 
have the more general form 

where H\ {e jai ) is mal and 8(v) is an unspecified phase characteristic. If \H(e^}\ 
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Figure P662 

is a reasonable approximation to an ideal lowpass filter, will \Gie J ™ )| necessarily 
be a reasonable approximation to an ideal lowpa&s filter? 
(d) Now assume that M{e^) is an FIR linear-phase lowpass filter, so that 
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where H\(e Jirf ) is real and M is an integer. Show how to modify the system in 
Figure P6.62(a) so that the overall system will approximate a lowpass niter. 

6.63. In the design of digital filters, we often choose a filter with a specified magnitude 
characteristic that has the shortest duration. That is, the impulse response, which 
is the inverse Fourier transform of the complex frequency spectrum, should be as 
narrow as possible. Assuming that h[n\ is real, we wish to show that if the phase 
0{m) associated with the frequency response H(e J ' i0 ) is zero, the duration of the 
impulse response is minimal. Let the frequency response be expressed as 

Hie*™} = \H{e^)\e f6iai> , 

and let us consider the quantity 

on 



2 



to be a measure of the duration of the associated impulse response h[n\, 

(a) Using the derivative property of the Fourier transform and Parseval's relation, 
express D in terms ofH{e ja ). 

(b) By expressing R(e^) in terms of its magnitude \H(£-f u )\ and phase ${io\ use 
your result from part (a) to show that D is minimized wben 0(w ) = 0. 

6.54* For a discrete-time niter to be causal and to have exactly linear phase, its impulse 
response must be of finite length and consequently the difference equation must be 
nomrecursive. To focus on the insight behind this statement, we consider a particular 
case, that of a linear phase characteristic for which the slope of the phase is an 
integer TTius, the frequency response is assumed to be of the form 

Hie*") = H r {e J ™)e- fMa ',-ir<io < ir (P6.64-1) 

where H r (e J ^) is real and even. 

Let h[n] denole the impulse response of the filter with frequency response 
H(e^) and let h r [n] denote the impulse response of the filter with frequency re- 
sponse H r {e ]iii \. 

(a) By using the appropriate properties in Table 5.1, show that: 
L hr[n] ** k r [-n\ (i.e., h F \n] is symmetric about n = 0), 
2. h\n] = h r [n - M]. 

(b) Using your result in part (a) b show that with H{e J ™} of the form shown in eq. 
(P6.64-J), h[n\ is symmetric about n = M , that is, 

h[M + n] = h{M - ri]. (P6.64^2) 

(c) According to the result in part (b) T the linear phase characteristic in eq. 
(P6.64-!) imposes a symmetry in the impulse response. Show that if k[n] 
is causal and has the symmetry in eq. (P6.64-2), then 

h[n] - 0, n < and n > 2M 

(i.e., it must be of finite length). 
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6.65. For a class of discrete-time lowpass fillers, known as Bulterworth filters, the squared 
magnitude of the frequency response is given by 



|B(*^)P ^ - 



1 



where w f is the cutoff frequency (which we shall take to be tt/2) and N is the order 
of the filter (which, we shall consider to be N = 1). Thus, we have 



\B(e Ja, }\ 2 - 



1 



1 + tan^cit/lV 



(&) Using trigonometric identities, show that [B[e JW )\ 2 — cds 2 (w/2). 

(h) Let B(e^) = acos(w/2). For what complex values of a is \B(e^)\ 2 the same 
as in part (a)? 

(c) Show that B(e ja> ) from part (b) is the transfer function corresponding to a dif- 
ference equation of the form 

y[rt] = ax[n] + fix[n - y\. 

Determine a t T and y. 

6.66. In Figure P6,66(a) we show a discrete-time system consisting of a parallel combi- 
nation of N LTI filters with impulse response h k [ri\. k = Q t 1 . ■ ■ ■. jV - 1. For any jfc, 
h k [n] is related to b)[n] by the expression 

hdrt] = e J( &" rkfN %[nl 

(a) If Ao[«J is an ideal discrete-time lowpass filter with frequency response Hrfe**) 
as shown in Figure P6. 66(b), sketch the Fourier transforms of h\ [n\ and h^- t[rt] 
for at in the range — v < a ^ +tt. 




h-i 
y[n] = £ v k [n] 

— ^ k-0 



Figure P6.fr6a 
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Figure P6.66b 



(b> Determine the value of the cutoff frequency w f in Figure P6.66(b) in terms of 
N (0 < flj c ^ tt) such that the system of Figimt P6l 66(a) is an identity system; 
that is, y[n] = *[«] for all n and any input x[ri\. 

(c> Suppose that fe[nl is no longer restricted to be an ideal lowpass filler. If h[ri\ 
denotes the impulse response of the entire system io Figure P6.66(a) with input 
x\n] and output y[n], then h[ri) can be expressed in the form 

h[n] = r[n]Ao[nt 

Determine and sketch r[n]. 
(<t) From your result of part (c) t determine a necessary and sufficient condition on 
/it»["l to ensure that the overaJl system will be an identity system (i.e., such that 
for Any input jc[h], the output y[n] will be identical to x[n]). Your answer should 
not contain any sums. 
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Under certain conditions, a continuous-time signal can be completely represented hy and 
recoverable from knowledge of its values, or samples, at points equally spaced in time. 
This somewhat surprising property follows from a basic result that is referred to as the 
sampling theorem. This theorem is extremely important and useful. It is exploited, for 
example, in moving pictures, which consist of a sequence of individual frames, each of 
which represents an instantaneous view (i.e., a sample in time) of a continuously changing 
scene. When these samples are viewed in sequence at a sufficiently fast rate, we perceive 
an accurate representation of the original continuously moving scene. As another example 
printed pictures typically consist of a very line grid of points, each corresponding to a 
sample of the spatially continuous scene represented in the picture .'if the .samples are 
sufficiently close together, the picture appears to be spatially continuous, although under 
a magnifying glass its representation in terms of samples becomes evident 

Much of the importance of the sampling theorem also lies in its role as a bridge 
between continuous-time signals and discrete-time signals. As we will see in this chapter, 
the fact that under certain conditions a continuous-time signal can be completely recovered 
from a sequence of its samples provides a mechanism for representing a continuous-time 
signal by a dscrete-time signal. In many contexts, processrng discrete-time signals is more 
flexible and is often preferable to processing continuous-time signals. This is due in large 
part to the dramatic development of digital technology over the past few decades, result- 
ing in the availability of inexpensive, lightweight, programmable, and easily reproducible 
discrete-time systems. The concept of sampling, then, suggests an extremely attractive 
and widely employed method for using discrete-time system technology to implement 
continuous-time systems and process continuous-time signals: V*c exploit sampling to 
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convert a continuous-time signal to a discrete-time signal, process the discrete -time signal 
using a discrete-time system* and then convert back to continuous time* 

In the following discussion, we introduce and develop the concept of sampling and 
the process of reconstructing a continuous-time signal from its samples. In this discus 
siof}, we both identify the conditions under which a continuous-time signal can be exactly 
reconstructed from its samples and examine the consequences when these conditions are 
not satisfied. Following this, we explore the processing of continuous- time signals that 
have been converted to discrete- time signals through sampling. Finally, we examine the 
sampling of discrete-time signals and the related concepts of decimation and interpola- 
tion. 



7. 1 REPRESENTATION OF A CONTINUOUS-TIME SJGNAL BY ITS SAMPLES: 
THE SAMPLING THEOREM 

In general, in the absence of any additional conditions or information, we would not expect 
that a signal could be uniquely specified by a sequence of equally spaced samples. For 
example, in Figure 7.1 we illustrate three different continuous-time signals, ait of which 
have identical values at integer multiples of T; that is T 

x^(kT) = x 2 {kT) = x^kTX 

Clearly, an infinite number of signals can generate a given set of samples. As we 
will see, however, if a signal is band limited — i,e. T if its Fourier transform is zero outside 
a finite band of frequencies — and if the samples are taken sufficiently close together in 
relation to the highest frequency present in the signal, then the samples uniquely specify 
the signal, and ve can reconstruct it perfectly This result, known as the sampling theorem* 
is of profound importance in the practical application of the methods of signal and system 
analysis- 




Figure 7.1 Three continuous -time signals with identical values at integer 
muftipfes of T. 
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7.1.1 Impulse-Train Sampling 

In order to develop the- sampling Theorem, we need a convenient way in which to represent 
the sampling of a continuous-time signal at regular intervals. A useful way to do this is 
through the use of a periodic impulse train multiplied by the continuous-time signal x[t) 
that we wish to sample This mechanism, known as impulse-Train sampling, is depicted 
in Figure 7.2. The periodic impulse train p(f) is referred to as the sampling function, the 
period T as the sampling period! and the fundamental frequency of p(t). w f = 2tt/7\ as 
ihe sampling f re qwncy^ In the time domain. 



where 



x p U) = x(t)p(tl 



P(i) - X *{'-«*> 



(7.1) 



(72) 



Because of the sampling property of the unit impulse discussed in Section t .4.2, we 
know that multiplying x{r) by a unit impulse samples the value of the signal at the point at 
which the impulse is located; i,e., x(f)5{r - to) - jc{f )5(f - 1 ). Applying this to eq. (7. 1), 
we see, as illustrated in Figure 7.2, that x P (t) is an impulse train with the amplitudes of 
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Figure 7.2 Impulse-tain sampling . 
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the impulses equal to the samples of x(i) at intervals spaced by T"; that is, 



(73) 



From the multiplication property i Section 4.5), we know that 



and from Example 4,8, 



*,(>>) = j^[X(j«>)*PtM)}, 



^(» = -~r X S & ~ **>,), 



(74) 



(7,5) 



Since convolution with an impulse simply shifts a signal [i.c. T X(jvi) * S(a> — &>q) = 
X(j{at — ug))], it follows that 



1 , + ™ 



(7.6) 



* = -« 



That is, Xp(jtit) is a periodic function of &> consisting of a superposition of shifted replicas 
of X(jtti), scaled by IfT, as illustrated in Figure 7.3. In Figure 7.3(c), um < (w ; — (j)^), 
or equivalency, <o s > 2*jaj, and thus there is no overlap between the shifted replicas of 
X(jto), whereas in Figure 7.3(d), with a s < 2*u w> there is overlap. For (he case illustrated 
in Figure 7.3(c), X(jtit) is faithfully reproduced at integer multiples of the sampling fre- 
quency. Consequently, if w s > 2&m t j{;) can be recovered exactly from x p {r) by means of 
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Figure 7.3 Effect in the frequency 
domain of sampling in the time do- 
main: (a) spectrum of original signal; 
(b) spectrum of sampling function; 
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Figure 7.3 Continued (c) spectrum 
of sampled signal with h* > 2^ w ; 
(d) spectrum of sampled signal witti 



atawpass filter with gain F and a cutoff frequency greater than o>m and less than&^ -w,«, 
as indicated in Figure 7,4. This basic result, referred to as the sampling theorem, can be 
stated as follows: ' 



Sampling Theorem: 

Let x(i) be a band-limited signal with X{jo>) = for \<a\ > <&m. Then x{t) is uniquely 

determined by its samples x{nTX n ~ 0, ± 1 , ±2 if 



a** > 2w 



M> 



where 



2tt 



m„ = 



Given these samples, we can reconstruct x(t) by generating a periodic impulse train in 
which successive impulses have amplitudes that are successive sample values. This 
impulse train is then processed through an ideal lowpass filter with gain T and cutoff 
frequency greater than w^ and less than d) s — <u^ The resultirjg output signal will 
exactly equal jr(f). 



1 The important and elegant sampling tlieorera was available for many yefcrs. in. a ^.anety of funns in 
the mathematics literature See, foe example, J. M. WhJttaker h "Jnlctpolatory Function Theory/' (New Yorfci 
Stectier-Hufner Service Agency, 1964), chap, 4- It did not appear explicitly in Lhtf literature ofcommuiiiration 
theory until the publication in I £49ofth* classic paper by Shannon entitled ' Cnnwiiiuication in the Presence of 
Noise" {Proceedings of the IRE, January 1 949, pp. 10-21). However. H. Nyquist in 1928 and D. Gabor in 1946 
had pointed out, based on the use of the Fourier Series* that 2TW numbers are sufficient to represent a function 
of duration Food highest frequency W. [H. Nyqjisi. "Certain Topics in Telegraph Ttansniission Th&f>ry, H M/£^ 
TnmsMUans, 192&, p. 617; D. Gabur t ^Thcuiy of Communication,' 1 Jcunidf of SEE 93. no. 26 U^46) T p. 42^>.i 
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Figure 7.4 Exact recovery of a 
w flu,) continuous-time signal from its sam- 

ptas using an ideal lowpass niter: 
1 1 (a) system for sampling and recon- 

struction; (b) representative spectrum 
for *(/); (c) corresponding spectrum 
for *p(f); (d) ideal lowpass filter to re- 
cover X{jett) from X p {h*)\ (e) spectrum 
w of *<f). 

The frequency 2wm, which* under the sampling theorem, must be exceeded by the sam- 
pling frequency, is commonly referred to as the Nyquist rate? 

As discussed in Chapter 6, ideal filters are generally not used in practice for a va- 
riety of reasons. In any practical application, the ideal lowpass filter in Figure 7.4 would be 

2 The frequency c<t M correspond big to one-half fie Nyquist tate is uften referred to as> the Nyqutst fre- 
quency. 
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replaced by a nonideal filter H(jat) that approximated the desired frequency character- 
istic accurately enough for the problem of interest (i.e., H(jcj) = 1 for \w\ < w y+ and 
H{jcj) ^ for \di\ > & s - u* w ) Obviously, any such approximation in the lowpass filter- 
ing stage will lead to some discrepancy between x(£) and xA?) in Figure 7.4 or, equiva- 
lency, between X{jat) and X r (itij). The particular choice of nonideal filter is then dictated 
by the acceptable level of distortion for the application under consideration For conve- 
nience and to emphasize basic principles such as the sampling theorem, we will regularly 
ass u me the avai 1 abi3 ity and u se of ideal n 1 iers throughout this and the next c hapter, with the 
understanding that in practice such a filter must be replaced by a nonideal filter designed 
to approximate the ideal characteristics accurately enough for the problem at hand, 

7,1.2 Sampling with a Zero-Order Hold 

The sampling theorem, which is most easily explained in terms of impulse lra:n sampling, 
establishes the fact that a band-limited signal is uniquely represented by its samples. In 
practice, however, narrow, large- amplitude pulses, which approximate impulses, are also 
relatively difficult to generate and transmit, and il is often mare convenient lo generate the 
sampled signa] in a form referred lo as a wro-order hold. Such a system samples x(r> at 
a given instant and holds that value until the next instant at which a sample is taken, as 
illustrated in figure 7.5. The reconstruction of x{t) from tbe output of a zero-order hold 
can again be carried out by lowpas* filtering. However, in this case, the required filter 
no longer has constant gain in the passband. To develop the required filter characteristic, 
we first note that the output x#\t) of the zero-order hold can in principle be generated bv 
impulse-train sampling followed by an LTI system with a rectangular impulse response, as 
depicted in Figure 7.6. To reconstruct x(t) from JCj(r)^ we consider processing x<ji,t) with an 
LTI system with impulse response fc,(r) and frequency response H r {jw) The cascade of 
this, system with the system of Figure 7.6 is shown in Figure 7,7, where we wish to specify 
H f (j<*>) so that r(/) =■ x(t). Comparing the system in Figure 7,7 with that in Figure 7 4. 
we see that r(r) = x{t) if the cascade combination of h${t) and h r {t) is the ideal lowpas*, 
filter H(jti>} used in Figure 7.4, Since, from Example 4.4 and the time-shifting properly 
in Section 4.3.2, 



Ho(jo>) = e~ }vTn 



2 sim>772) 
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(7.7) 
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Figure 7.5 Sampling utilizing a zero-order hold. 
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Figure 7.6 Zero-order hold as 
impulse-train sampling followed by an 
LTI system with a rectangular impulse 
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Figure 7.7 Cascacte of the representation of a zaronxder hold tBgure 7.6) 
with a reconstruction fitter. 
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Figure 7.8 Magnitude and phase 
for the reconstruction filter for a zero- 
order hold. 



For example, with the cutoff frequency oi'iKju) equal to <j+/2 t the ideal magnitude and 
phase for the reconstruction filter following a zero-order hold is that shown in Figure 7.8. 
Once agai n + in practice the frequency response i n eq . (7. &) cannot be ex actly real ized s 
and thus an adequate approximation to it must be designed. In fact, in many situations, the 
output of the zero -order hold is considered an adequate approximation to the original signal 
by itself, without any additional lowpass filtering, and in essence represents a possible, al- 
though admittedly very coarse, interpolation between the sample valuer. Alternatively, in 
some applications* we may wish to perform some smoother interpolation between sample 
values. In the next section, we explore in more detail the general concept of interpreting 
the reconstruction of a signal from its samples as a process of interpolation. 



7.2 RECONSTRUCTION OF ASJGNAL FROM ITS SAMPLES 
USING INTERPOLATION 

Interpolation, that is, the fitting of & continuous signal to a set of sample values, is a 
commonly used procedure for reconstructing a function^ either approximately or exactly, 
from samples. One simple interpolation procedure is the zfiro-order hold discussed in 
Section 7.1. Another useful form of interpolation is linear interpolation, whereby adja- 
cent sample points are connected by a straight line, as illustrated in Figure 7.9. In more 




Figure 7*9 Linear interpolation be- 
tween sample points. The dashed curve 
represents the original sigi<M and the 
t soFid curve the linear interpolation. 
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complicated interpolation formulas, sample points may be connected by higher order poly- 
nomials or other mathematical functions. 

As we have seen in Section 7,1, for a band-limited signal, if the sampling instants 
are sufficiently close, then the signal can be reconstructed exactly; i.e., through the use 
of a lowpass filter, exact interpolation can be carried out between the sample points. The 
interpretation of the reconstruction of x{t) as a process of interpolation become* evident 
when we consider the effect in the time domain of the lowpass filter in Figure 7.4. in 
particular, the output is 

xM = V>*A<0 
or, with x r (t) given by eq h (7 J), 

*M = 2 *<nT)h(t-nTl (7.9) 

rt= -=° 

Equation (7.9) describes how to fit a continuous curve between the sample points 
x(nT) and consequently represents an interpolation formula. For the ideal lowpass filter 
H(jat) in Figure 7.4, 

fc>,rsin(oM) 
h{t) =■ — —^. (7.10) 

TTh} r t 

so that 

The reconstruction according to eq, (7,11) with w t = wjl is illustrated in Figure 7.10, 
Figure 7. 10(a) represents the original band-limited signal x{r) t and Figure 7.10(b) rep- 
resents x r {t\ the impulse train of samples. In Figure 7.10(c), the superposition of the 
individual terms in eq. (7.11) is illustrated. 

Interpolation using the impulse response of an ideal lowpass filter as in eq, (7.11) 
is commonly referred to as band-timired interpolation, since it implements exact re- 
construction if x(t) is band limited and the sampling frequency satisfies the condi- 
tions of the sampling theorem. As we- have indicated, in many cases it is preferable 
to use a less accurate, but simpler, filter or T equivalently, a simpler interpolating func- 
tion than the function in eq, (7.10), For example T the zero<trder hold can be viewed 
as a form of interpolation between sample values in which the interpolating function 
hit) is the impulse response kr(t) depicted in Figure 7.6. In that sense, with x tt (r) 
in the figure corresponding to the appro ximauon to x(t), the system fe (f) represents 
an approximation to the ideal lowpass filter required for the exact interpolation. Fig- 
lire 7.11 shows the magnitude of the transfer function of the zero-order-hold interpo- 
lating filter, superimposed on the desired transfer function of the exact interpolating 
filter 

Both from Figure 7.11 and from Figure 7.6, we see that the zero-order hold is a very 
rough approximation* although in sorn^ cases it is sufficient For exampie, if additional 
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Figure 7,10 Ideal band-limited in- 
terpolation using the sine function: 
(a) band-limited signal x{t): (bj im- 
pulse tram of samples of x[t}; (c) ideal 
band-hmited interpolation In which the 
impulse train is replaced by a superpo- 
sition of sine functions {eq. f"7.1 1)J 
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Figure 7.11 Transfer function for 
the zero-order ftote and for the ideal 
interpolating filter. 



lowpass filtering is naturally applied in a given application, it will tend to improve 
the overall interpolation. This is illustrated in the case of pictures in Figure 7.12, Fig- 
ure 7.12(a) shows pictures with impulse sampling (i.e., sampling with spatially nar- 
row pulses). Figure 7.12(b) is the result of applying a. two-dimensional zero-order 
hold to Figure 7.12(a) T with a resulting mosaic effect. However, the human visual 
system inherently imposes lowpass filtering, and consequently, when viewed at a dis- 
tance, the discontinuities in the mosaic are smoothed. For example, in Figure 7.12(c) a 





Figure 7.12 (a) Hie original pictures of Figures 6.2(a) and {g] with impulse sam- 
pling; (b) zero-order hold applied to the pictures in (a). The visual system naturally 
introduces lowpass filtering with a cutoff frequency that decreases with distance. 
Thus, when viewed al a distance, the discontinuities in the mosaic in Figure 7 12(b) 
are smoothed; (c) result of applying a zero-order hold after impulse sampling wilh 
one-third the horizontal and vertical spacing used in (a) and {b). 
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zero-order hold is again used, but here the sample spacing in each direction is one-fourth 
that in Figure 7.12(a). With normal viewing, considerable lowpass filtering is natumllv 
applied, although the mosaic effect is soil evident. 

If the crude interpolation provided by the zero-order hold is insufficient, we can use 
a variety of smoother interpolation strategies, some of which are known collectively as 
higher order holds. In particular, the zero-order hold produces an output signal, as in Fig- 
ure 7 J5, that is discontinuous. In contrast, linear interpolation, as illustrated in Figure 7.9. 
yields reconstructions that are continuous, although with discontinous derivatives due to 
the changes in slope at the sample points. Linear interpolation, which is sometimes referred 
to as a first-order hold, can also be viewed as interpolation in the form of Figure 7.4 and 
eq. (7,9) with ft(0 triangular, as illustrated in Figure 7. 13. The associated transfer function 
is also shown in tbe figure and is 



H{jto) = i 



sin(«T72) 
w/2 



i2 



(712) 



The transfer function of the first-Older hold is shown superimposed on the transfer function 
for the ideal interpolating filter. Figure 7.14 corresponds to the same pictures as those in 
Figure 7.1 2(b> t but with a first-order hold applied to the sampled picture. In an analogous 
fashion, we can define second- and higher order holds that produce reconstructions with a 
higher degree of smoothaess. For example, the output of a second-order hold provides an 
interpolation of the sample values that is continuous and has a continuous first derivative 
and discontinuous second derivative. 
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Figure 7, 1 3 Linear interpolation 
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Figure 7 . 1 3 Continued (d) ti rst- 

order tiara applied to the sampled sig- 
nal; (e) comparison of transfer function 
of ideal interpolating filter and first- 
arder hold. 



7.3 THE EFFECT OF UNDERSAMPLING: ALIASING 

In previous sections in this chapter, it was assumed that the sampling frequency was 
sufficiently high that the conditions of the sampling theorem were met. As illustrated in 
Figure 7 3 t with tv s > 2&> Mt the spectrum of the sampled signal consists of scaled repli- 
cations of the spectrum of x(f) t and this forms the basis for the sampling theorem. When 




{a) 



(b) 



Figure 7.14 Result of applying a first-order hold rather than a zero-order hold af- 
ter impulse sampling with one-third the horizontal and vertical spacing used in Fig- 
ures 7.12(a) and (b) 
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Uj < 2^^ X(jai), the spectrum of jf(f), is no longer replicated in X p {jt&) and thus is 
no longer recoverable by lowpass filtering. This effect, in which the individual terms in 
eq. (7.6) overlap, is referredjo as aliasing, and in this section we explore its effect and 
consequences. 

Clearly, if the system, of Figure 1A is applied to a signal with w s < 2^m 5 the 
reconstructed signal x r (t) will no longer be equal to x(t). However, as explored in 
Problem 7.25, the original signal and the signal x r (t) that is reconstructed using band- 
limited interpolation will always be equal at the sampling instants; that is, for any choice 
of to Tl 

x r (nT) - jc(nr), n = Q t ±\,±2 (7.13) 

Some insight into the relationship between *(f) and x r {t) when ot I < 2u» w is pro- 
vided by considering in more detail the comparatively simple case of a sinusoidal signal. 
Thus, let 

j(f) = coswor, (7.14) 

with Fourier transform X{jta) as indicated in Fignre 7.15(a). In this figure, we have 
graphically distinguished the impulse at o*q front that at ^wo for convenience. Let us 
consider Xp(j'ui), the spectrum of the sampled signal, and focus in particular on the 
effect of a change in the frequency o*o with the sampling frequency w, fixed. In Fig- 
ures 7.15(b)— (e), we illustrate Xp(jt*t) for several values of too. Also indicated by a 
dashed line is the passband of the lowpass filter of Figure 7.4 with &^ = w,/2. Note 
that no aliasing occurs in (b) and (c), since w fl < &J1, whereas aliasing does occur 
in (d) and (e). For each of the four cases, the lowpass filtered output x r (t) is given as 
follows: 

(a) too = -gS *>(') = co$cu r = x(t) 

(b) q>q = -^-; jr r (0 = cos^of = tft) 

4n? 

(c) <t»o - -r 1 ; *,(/) = co^ftij - ojqV ** x(t) 

(d) tt» = -r 1 ; x f (0 = cos(w, - ton)! ¥= xHy 

When aliasing occurs, the original frequency <u takes on the identity of a. la wer fre- 
quency, ojj — cuo- For ojj/2 < «o < w s , as qjj increases relative to w,, the output frequency 
at x — wo decreases. When cu^ = &*(>, for example, the reconstructed signal is a constant. 
This is consistent with the fact that, when sampling once per cycle, the samples ate all 
equal and would be identical to those obtained by sampling a constant signal (wo = 0). 
In Figure 7 J 6, we have depicted, for each of the four cases in Figure 7. 1 5, the signal x(t). 
its samples, and the reconstructed signal *,(/■)■ From the figure, we can see how the lowpass 
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Figure 7,1 5 Effect in the frequency 
domain of aversampiirtg and under- 
sampling: (a) spflctrt.ni of original si- 
nusoidal signal; (b), (c) spectrum of 
sampled signal with u £ > 2<yg; (d), 
(e) spectrum of sampled signal with 
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filter interpolates between the samples, in particular always fitting a sinusoid of frequency 
less than <i> s J2 to the samples of jr(r) r 

As a variation on the preceding examples, consider the signal 



JC(1) = COS{ttJ(|f + c£). 



CM5) 




f s « * 

B as ■ ■ fl 
_ ,= * _ 









"^ .ffl 
c o tw "S 
° S — --1 

_ C(C 

4 c u ^ 

>_ ^ a? 
" Q,C It 
■ t _ ■» 



j *— ^ — ■ a M 






530 






3\* 



■■— * 



K-+- 



if 
I 

u, 

■\ 

i 

/ 
t 

t 
/ 



I 



3 
CL. 



53 1 



532 Sampling Chap. 7 

In this ease, the Fourier transform of x(i) is essentially the same as Figure 7.15(a), ex- 
cept that the impulse indicated with a solid line now has amplitude ire'*, while the 
impulse indicated with a dashed line has amplitude with the opposite phase, namely, 
tte~ J ^, If we now consider the same set of choices for tun as in Figure 7J5 + the re- 
sulting spectra for the sampled versions of cos(cu f -+■ <f>) are exactly as in the figure, 
with all solid impulses having amplitude ire^ and al\ dashed ones having amplitude 
ire " J *. Again, in cases (b) and (c) the condition of the sampling theorem is met, so 
thai x f {t) = cos(w fl f +■ $) = x{t\ while in <d> and <e) we again have aliasing. How- 
ever* we now see that there has been a reversal in the solid and dashed impulses ap- 
pearing in the pasiband cf the lowpass filler As a result, we find that in these cases, 
x(t) = co5[(w,,— wo)* — <£]> where we have a change in the sign of the phased i.e., & phase 
reversal. 

It is important to note that the sampling theorem explicity requires that the sampling 
frequency be greater than twice the highest frequency in the signal, rather than greater 
than or equal to twice the highest frequency. The next example illustrates that sampling a 
sinusoidal signal at exacdy twice its frequency (i.e., exactly two samples per cycle) is not 
sufficient 



Example 7.1 

Consider the sinusoidal signal 



x{t) = cos|yf + £ 



and suppose that this signal is sampled, using impulse sampling, al exactly twice the 
frequency of the sinusoid, i,e,, at sampling frequency t& f . A* shown in Problem 7.39, if 
this impulse-sampled signal is applied as the input to an ideal lowpass filter with cutoff 
frequency w,/2> the resulting output is 



* r (0 = (cos £) cos -=^ 



(?) 



As a consequence, we see that perfect reconstruction of x{t) occurs only in the case in 
which the phase 4> is zero (or an integer multiple of 2tt). Otherwise, the signal x r (t) does 
not equal x(t). 

As an extreme example, consider the case in which $ = -irf2, so that 

*(►') = sin ^y'l 

This signal a sketched in Figure 7. 1 7 We observe thai the valuer of the signal at integer 
multiples of the sampling period 2-jrfu s are zero. Cons*quenlIv, sampling at this rate 
produces a signal that is identically zero, and when this zero input is applied to the ideal 
lowpass filter, the resulting output xAO is also identically zero. 
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Figure 7,17 Sinusoidal signal for Example 7.1. 



The effect of undersampting, whereby higher frequencies are reflected into Lower 
frequencies, is the principle on which the stroboscopic effect is based. Consider, for exam- 
ple, the situation depicted in Figure 7.1 8 T in which we have a disc rotating at a constant rate 
with a single radial line marked on the disc. The flashing strobe acts as a sampling system, 
since it illuminates the disc for extremely brief time intervals at a periodic rate. When the 
strobe frequency is much higher than the rotational speed of the disc, the speed of rotation 
of the disc is perceived correctly. When the strobe frequency becomes less than twice the 
rotational frequency of the disc, the rotation appears to be at a lower frequency than is actu- 
ally the case. Furthermore, because of phase reversal , the disc will appear to be rotating in 
the wrong direction^ Roughly speaking, if we track the position of a fixed line on the disc 
at successive samples, then wben tug < to T < 2a»o, so that we sample somewhat more fre- 
quently than once per revolution, samples of the disc will show the fixed line in positions 
that are successively displaced in a counterclockwise direction, opposite to the clockwise 
rotation of the disc itself. At one flash per revolution, corresponding tow < = &)[>, the radial 
Line appears stationary (i.e,, the rotational frequency of the disc and its harmonic* have 
been aliased to zero frequency). A similar effect is commonly observed in Western movies, 




Rotating dtec 




Strobe 



Figure 7.18 Strobe effect. 
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where the wheels of a stagecoach appear to be rotating more slowl) than would be consis- 
tent with the coach's forward motion, and sometimes Id the wrong direction. In this case, 
the sampling process corresponds to the fact that moving pictures are a sequence of indi- 
vidual frames with a rate (usually between 18 and 24 frames per second) corresponding 
to the sampling frequency. 

The preceding discussion suggests interpreting die stroboscopic effect as an exam- 
pleof a useful application of aliasing due to undcrsampling. Another practical application 
of aliasing arises in a measuring instrument referred to as a sampling oscilloscope. This 
instrument is intended for observing very high-frequency waveforms and exploits the prin - 
ciples of sampling to alias these frequencies into ones that arc more easily displayed The 
sampling oscilloscope is explored in more detail in Problem 7.38. 



7,4 DISCRETE-TIME PROCESSING OF CONTINUOUS-TIME SIGNALS 



Tn many applications, there is a significant advantage offered in processing a continuous- 
time signal by first converting it to a discrete-time signal and, after discrete-lime process- 
ing, converting back to a continuous-time signal. The discrete-time signal processing can 
be implemented with a general- or special-purpose computer, with microprocessors, or 
with any of the variety of devices that are specifically oriented toward discrete- time signal 
processing. 

In broad terms, this approach to continuous-time signal processing can be viewed 
as the cascade of three operations, as indicated in Figure 7. 19, where x c {t) and y t (r) are 
continuous-time signals and x^[ri\ and^fn] are the discrete-time signals corresponding to 
x c (t) and y L U). The overall system is, of course, a continuous-time system in the sense that 
its input and output are both continuous- time signals. The theoretical basis for converting 
a continuous-time signal lo a discrete-time signal and reconstructing a continuous-time 
signal from its discrete-time representation lies in the sampling theorem, as discussed 
in Section 7,1. Through the process of periodic sampling with the sampling frequency 
consistent with the conditions oF the sampling theorem, the continuous-time signal x,,U) 
is exactly represented hy a sequence of instantaneous sample values x t {nT): that is. the 
discrete-time sequence x^ii] is related to x f (0 hy 



xAn] =■ Xi.(nT). 
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Figure 7.T9 Discrete-tiro processing of continuous-time signals. 



conversion 


*dl"l ~- 


= *c(t>T) 


Discrete -Tune 
System 


ydinl ^y a (nT) 


D/C 
conversion 


y c ttj 










t 

T 








T 





Sec. 7. A Discrete-Time Processing of Conttnucus-Time Signals 535 

The transformation ofx c Q) to x<t[n\ corresponding to the first system in Figure 7.19 will 
be referred to as continuous-to-discrete-time conversion and will be abbreviated C/D. The 
reverse operation corresponding to the third system in Figure 7.19 will be abbreviated D/C\ 
representing discrete-rime to continuom-time conversion. The D/C operation performs an 
interpolation between the sample values provided to it as input. That is, the DfC operation 
produces a continuous-time signal y ( if) which is related to the discrete-time signal yd[n] 
by 

y*ln\ = yAnT). 

This nutation is made explicit in Figure 7.20. In systems such as digital computers and 
digital systems for which the discrete-time signal is represented in digital form, the device 
commonly used to implement the CTDconversionis referred to as an anatog-To~digitat ( A- 
to-D) converter, and the device used to implement the D/C conversion is referred to as a 
digitai-to-anaiog (D-to-A) converter. 



« c (t) 



Figure 7.20 Notation for continuous-to-discrete-time conversion and 
dlscrete-to-continuous-time conversion, T represents the sampling period . 

To understand further the relationship between the continuous-time signal x ( (t} and 
i ts discreie-time representation xj [ri] , it is helpful to represent CfD as a process of pe riodic 
sampling followed by a mapping of the impulse train to a sequence. These two steps are 
illustrated in Figure 1,21. In the first step, representing the sampling process, the impulse 
train x p (i) corresponds to a sequence of impulses with amplitudes corresponding to the 
samples of x c {t) and with a time spacing equal to the sampling period T. In the conver- 
sion from the impulse train to the discrete-time sequence, we obtain x<j[n], corresponding 
to the same sequence of samples of x r {t) y but with unity spacing in terms of the new in- 
dependent variable n. Thus, in effect, the conversion from the impulse train sequence of 
samples to the discrete-time sequence of samples can be thought of as a normalization in 
time. This normalization in converting x p (t) to x a \n\ is evident in Figures 7.21(b) and (c) T 
in which x p {t) and x<)[n\ are respectively illustrated for sampling rates of T = T\ and 

r = 2iy 

It is also instructive to examine the processing stages in Figure 7.19 in the frequency 
domain. Since we will be dealing with Fourier transforms in both continuous and dis- 
crete time, in this section only we distinguish the continuous- time and discrete-time fre- 
quency variables by using tu in continuous time and ft in discrete time. For example, the 
continuous-time Fourier transforms of jt f (r)and yAO are X c (j<a) and Y e (ja), respectively, 
while the discrete-time Fourier transforms of x d [n] and y d [n] are X d (e Jil ) and Y d U jfl \ 
respectively. 
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Figure 7.21 Samp ling with a periodic Impulse tain followed by conversion 
to a discrete-time sequence: (a) overall system; (b) *„{{} tor two samplng 
rates. The dashed envelope represents xdt), (c) the output sequsnee for the 
two different sampling nrtes. 



To begin let us express X p {jta)+ the continuous-time Fourier transform of x f (t), 
in terms of the sample values of x c [0 by applying the Fourier transform to eq. (7,3). 
Since 



and since the transform of 6(f - nT) is e~ jatt,T 1 it follows that 



(7.17) 



(7.18) 
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Now consider the discrete- time Fourier transform of xA n h that ^ 



19) 



or, using eq. (7.16), 



X^e^) = JT XrlnTye-***' 



(7.20) 



Comparing eqs. (7.18) and (7.20), we see that JT rf (ffJ") and Xn(_/<u) are related through 



Also, recall that, as developed in eq. (7,6) and illustrated in Figure 7.3 h 



1 ^ 



* = -■- 



Consequently, 



i — = 



(7.21) 



(7.22) 



(7.23) 



The relationship among Jf 4 (y«*X^(jw), and Jfj(e jil ) is illustrated in Figure 7.22 
for two different sampling rates. Here, X/ie^) i<i a frequency-scaled version of X fi {joj) 
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Figure 7,22 Refationshrp between XAk»),Xp{fw), and X rf (^ rt ) for two dif- 
ferent samptng rates. 
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Vj[n] 



and, in particular, is periodic in H with period 2tt. This periodicity is T of course, charac- 
teristic of any discrete-time Fourier transform. The spectrum of xAnl is related to (hat of 
jr t {0 through periodic replication, represented by eq. (7.22), followed by linear frequency 
scaling, represented by eq. (7.21). The periodic replication is a consequence of the first 
step in the conversion process in Figure 7.21, namely, the impulse-train sampling The 
linear frequency scaling in eq. (7.21 ) can be thought of informally as a consequence of 
the normalisation in time introduced by converting from the impulse (rain x p (t) to the 
discrete-rime sequence Jf^[n] From the time-scaling property of the Fourier transform in 
Section 4.3,5, scaling of the time axis by MT will introduce a scaling of the frequency 
axis by 7. Thus > the relationship i\ = wT is consistent with the notion that T in converting 
from Xp{t) to *d[n] T the time axis is scaled by 1/7\ 

In the overall system of Figure 7J9, after processing with a discrete-time system, 
the resulting sequence is converted back to a continuouMirne signal. This process is the 
Feverse of the steps in Figure 7.21, Specifically* from the sequence yjM, a continuous- 
time impulse train y p (t) can be generated. Recovery of the continuous-time signal >;(0 
from this impulse train is then accomplished by means of lowpass filtering, as illustrated 
in Figure 7.23, 

CVC conversion 



Conversion of 
discrete-time 

sequence to 
Impute* train 




Yctt) 



Figure 7.Z3 Conversion of a 
discrete-tims sequence to a continuous- 
time signal. 

Now let us consider the overall system of Figure 7.1 9, represented as shown in Fig- 
ure 7.24. Clearly, if the discrete-time system is an identity system (i.e., x d [n\ = vj[rt]), 
then, assuming that the cooditions of the sampling theorem are met, the overall system 
will be an identity system. The characteristics of the overall system with a more general 
frequency response ffj{e jii ) are perhaps best understood by examining the representative 
example depicted in Figure 7,25, On the left-hand side nf the figure are the representative 
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spectra XAjta), X p \jw), and Xj(f ^ tt ), where we assume thai w^ <itt^fl t so that there is 
no aliasing. The spectrum Y^e^ 1 ) corresponding to the output of the discrete-time filter U 
the product of XAe jCi ) and Hti(e jii ), and this is depicted in Figure 7 r 25(d) by overlaying 
tidied) and X a {e jit ). The transformation to Y t {jot) then corresponds to applying a fre- 
quency scaling and Jowpass filtering, resulting in the spectra indicated in Figure 7, 25(e) 
and (f). Since r^t*?^) is the product of the two overlaid spectra in Figure 7.25(di, the 
frequency scaling and lowpass filtering are applied to both. In comparing Figures 7.25(a) 
an*i (f^ we set that 



WW) = XAju)tiAe Jf " T X 



<7.24) 



Consequently, for inputs that are suffidendy band limited, so that the sampling theorem is 
satisfied, the overall system of Figure 7.24 is, in fact, equivalent to a continuous-time LTI 
system with frequency response H € {jiii) which is related to the discrete-time frequency 
response H^{e^) through 



tU J "l0. \u>\>wJ2- 



(7.25) 



The equivalent frequency response for this continuous-rime filter is one period of die 
frequency response of the discrete-time filter with a linear scale change applied to the 
frequency axis. This relationship between the discrete-time frequency response and 
the equivalent continuous-time frequency response is illustrated in Figure 7.26. 

The equivalence of the overall system of Figure 7.24 to an LTI system is somewhat 
surprising in view of the fact that multiplication by an impulse train is not a time-invariant 
operation. In fact, the overall system of Figure 7.24 is not time invariant for arbitrary in- 
puts- For example^ if x c (t) was a narrow rectangular pulse of duration less than T, then a 
time shift of *<(!) could generate a sequence x[ri\ that either had all zero values ov had 
one nonzero value, depending on the alignment of the rectangular pulse relative to the 
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Figure 7-26 Discrete-time fre- 
quency response and the equivalent 
continuous-time frequency response 
for the system of Rgure ISA 
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sampling impulse train. However, as suggested by the spectra of Figure 7 r 25 T for band- 
limifed input signals with a sampling rate sufficiently high so as to avoid aliasing, the 
system of Figure 7.24 is equivalent to a continuous-time LT1 system. For such inputs, 
Figure 7.24 and eq. (7.25] provide the conceptual basis for continuous-time processing 
using discrete-iime filters. This is now explored further in the context of some Examples. 

7.4.1 Digital Differentiator 

Consider the discrete -time implementation of a continuous-time band-limited differenti- 
ating filter. As discussed in Section 3,9.1, the frequency response of a continuous-time 
differentiating filter is 



HAja) = jta. 
and that of a band-limited differentiator with cutoff frequency w ( is 



(7.26) 






(7.27) 



as sketched in Figure 7.27. Using eq. (7.25) with a sampling frequency a> x = 2at c , we see 
that the corresponding discrete-time transfer function is 



HAe>*)=j(^\ mi<*. 



a28) 



as sketched in Figure 7.28. With this discrete-time transfer function, >v( r ) in Figure 7. 24 
will be the derivative of * t (/), assuming that there is no aliasing in sampling a,(;). 
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Figure 7.27 Frequency response 
of a continuous-time ideal band-limited 
differentiator H c [jw) = M |u| < t> c . 
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_ Figure 7.Z» Frequency response 
ft of discrete-time filter used to imple- 
ment a continuous-time band -limited 
differentiator 



Example 7.2 

By considering the output of the digital differentiator for a continuous-lime sine input, 
we may conveniently determine the impulse response hAn] of the discrete- time filter in 
the implementation of the digital differentiator. With reference to Figure 7.24, let 



where 7* is the sampling period. Then 

A, 



■sm{irtfT} 



TTt 



(7 29) 



W») - { I 



\b)\ < W?T 

otherwise 



which is sufficiently band Limited to ensure that sampling Jc t (Oa* frequency w 3 = 2ir/T 
does not give rise to any aliasing. It follows that the output of the digital differentiator is 



d , cos(Trf/T) fciiu>tfr) 



[7,30) 



For x t (J) as given by cq,0-29), the corresponding signal ij[n] in Figure 7. 24 mny 
be expressed as 



JM[«] = M"T) = jd[n\. 



(7.31) 



Thar is T for n * 0, x,{nT) = 0, while 



jj[01 = * f (Q) = 



wfiictican be verified by T HopitaTs rule. We can similarly evakiate yjln] in Figure 7.24 
corresponding to y c (r) ill eq. (7.30). Specifically 



{ C-l>" 
yAn] = y,(^)= -jjr, " * ° 

n = 



(732) 
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which can be verified for n ^ by direct substitution into eq. (7.30) and for n = by 
application of L'Hopital's rule. 

Thus when the input to the discrete- time filter given by eq. (7.2R) is the scaied 
unit impulse in eq. (7_3J) T the resulting output is given by eq, (7,32). We then conclude 
that the impulse response of this filter is given by 



c-ir 

0, 



n = 



7.4.2 HaJf-SampJe Delay 

In this section, we consider the implementation of a time shift (delay) of a continuous-time 
signal through the use of a system in the form of Figure 7<19. Thus, we require that the 
input and output of the overall system be related by 

y v tt) - Mr ~ A) {7.33) 

when the input x c {t) is band limited and the sampling rate is high enough to avoid alias- 
ing and where A represents the delay time. From the time-shifting property derived in 
Section 43.2 

From eq. (7.25), the equivalent continuous-time system to be implemented must be band 
limited. Therefore, we take 



if t O"w) = 



0, 



\ai\ < a* t 
otherwise ' 



(7.34) 



where xi>i is the cutoff frequency of the continuous-time filter. That is, HAM) corresponds 
to a time shift as in eq. (733) for band-limited signals and rejects all frequencies greater 
than at f . The magnitude and phase of the frequency response are shown in Figure 7.29(a). 
With the sampling frequency w, taken as a/ s = 2at r , the corresponding discrete-time 



1 



*"c 



(a) 



I H d {*'°) 

1 





<H ( 


(M 


*^- Slope A 


U*j, 






W C w 



< H d (e J ") 



(b) 



U 




Figure 7.29 (a| Magnitude and phase of the frequsney response for a 
continuous-lime delay; (b) magnitude and phase of tne frequency response 
for the corresponding discrete-time delay. 
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frequency response is 



*/„<*'")- e~^ T , \a\<ir. 



(7.35) 



and is Shawn m Figure 7, 29(b). 

For appropriately band-limited inputs, the output of the system of Figure 7.24 with 
Hj(e jiV ) as in eq. (7 35) is a delayed replica of the input, ForA/T an integer, the sequence 
y\t\n] is a delayed replica of jy [/t]; thai is t 



yAri = *j 



A] 



(7.36) 



For A/7 h not an integer, eq. (7,36), as written, has no meaning, since sequences are denned 
only at integer values uf the index. However, we can interpret the relationship between 
xj[n] and v^lXI * n these cases in terms of band- limited interpolation. The signals x L {t) 
and Xff\r.] are related through sampling and band-limited interpolation, as are \\{t) and 
yAn], With HAe jii ) in eq. (7.35> t yA^l is equal to samples of a shifted version of the 
band-limited interpolation of the sequence xA^\- This is illustrated in Figure 7,30 with 
&JT = l/2 a which is sometime^ referred to as a half-sample delay. 
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Figure 7,3t> (a) Sequence ot sam- 
ples of a continuous-time signal x c (t): 
(b) sequence in (a) with a half-sample 
delay. 
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The approach in Example 7,2 is also applicable to determining the impulse response 
hj[n\ of the discrete-time filter in the half-sample delay system. With reference to Fig- 
ure 7 24. let 



xAO = 



sm(irtfn 



•nt 



(7.37) 



It follows from Example 7,2 that 



xAn] = *r(.nT) = -S[n\. 
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Also, since there ts no aliasing for the band-Limited input in eq. (7.37) t the output of the 
half-sample delay system is 

and the sequence yj[/i] in Figure 7.24 is 

sin(ir(n - |» 



We conclude that 






,_ _ sin(Tr(n - h) 
ir(n - I) 



7.5 SAMPLING OF DISCRETE-TIME SIGNALS 

Thusi far in this chapter, we have considered the sampling of continue- uptime signals, and 
in addition to developing the analysis necessary to understand continuous-time sampling, 
we have introduced a number of its. applications. As we will see in this section, a very sim- 
ilar set of properties and results with a number of important applications can be developed 
for sampling of discrete-time signals, 

7.5,1 I mpuKe-Tr ai n SampJi ng 

In analogy with cuntinuous-time sampling as carried out using the system of Figure 7.2; 
sampling of a discrete-time signal can be represented as shown in Figure 7.31 . Here, the 
new sequence x p [tt] resulting from the sampling process is equal to the original sequence 
x[n] at integer multiples of the sampling period N and is zero at the intermediate samples; 
(hat is, 

r , _ I x[n], if n = an integer multiple of N ,-, ~ Q , 

* pW ~ 1 0, otherwise °- ) 

As with continuous-time sampling in Section 7.1, the effect in the frequency do- 
main of discrete-time sampling js seen by using the multiplication property developed in 
Section 55. Thus, with 

we have, in the frequency domain* 

XAe**) = =!- I P{e^}X{e J ' u -^)de. (7.40) 

2^ h* 
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Figure 7,31 Discrefs-tirne 



n sampFing. 



As in Example 5.6, the Fourier transform of the sampling sequence p[n] is 

Pie 1 ™) - ~ jr S(w ** ^ 



(7.41) 



where a* jT the sampling frequency, equals 27r/N, Combining eqs, (7-40) and (7.4U. we 
have 



N-l 



X p (en - ^X|^^). 



(7.42) 



*=o 



Equation (7,42) is the counterpart for discrete-time sampling of eq. (7.6 1 for 
continuous-time sampling and is illustrated in Figure 7.32. In Figure 7.32(c), with 
«* -UM > *Wjw> or e*niivalently,&* T > 2**^, there js no aliasing [i.e., the nonzero portions 
of the replicas of X(e J ™} do not overlap], whereas with &», < 2o>m as in Figure 732(d), 
frequency-domain aliasing results. In the absence af aliasing. Xie^) is faithfully repro- 
duced around w = and integer multiples of 2tt. Consequently, x\n] can be recovered 
from Xpiri] by means of a lowpass filter with gain If and a cutoff frequency greater than 
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Figure 7,32 Effect in the frequency domain of impulse train sampling of a 
discrate-time signal: (a) spectrum of original signal; (t>) spectrum of sampling 
sequence; (cj spectrum ol sampled signal with w& > 2^, (d) spectrum of 
sampled signal with <u, < 2^ H . Note that aliasing occurs. 



tow and less than n» T - w^, as illustrated in Figure 7.33, wriere we have specified the 
cutcff frequency of the lowpass filters <u,/2. If the overall system of Figure 733(a) is ap- 
plied to a sequence for which w s < 2w M , so that aliasing results, x r [n\ will no longer 
b& equal to x[n\ However* as with continuous-time sampling, the two sequences will 
be equal at multiples of the sampling period; that is, corresponding to eq. |7.13), we 
have 



jr,l*Ar) - x [kNl k = 0, =tl.±2,... p 
independently of whether aliasing occurs. (See Problem 7 .46 J 



(7.43) 
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Figure 7.33 Exact recovery of a discrete-time signal from Its samples us- 
tng an ideal lowpass filter (a) block diagram for sampling and reconstruction 
of a band-limited signal from its samples; (b) spectrum of the signal x[u]. 
(c) spectrum of x^n}; {i) frequency response ol an ideal lowpass filter with 
cutoff frequency a>f/2; (e) spectrum tf the reconstructed signal jr f [n]. Far ttie 
example depicted here oj e > 2& u so that no aliasing occurs and consequent^ 

Kin] = x[nl 
Example 7.4 

Consider a sequence x[ii] whose Fourier transform X(e'") has the property that 
X(e^) =0 for 2w& :£ |m| ^ it 
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To determine the lowest rate at which x[n] may be sampled without me possibility of 
aliasing, we must find the largest tf such that 

We conclude that N^w = 4, and the corresponding sampling frequency is 2-r/4 =■ 77/2. 

The reconstruction of x[n] through the use oi a lowpass filter applied to x p [n] can be 
interpreted in the time domain as an interpolation formula similar to eq r (7 11 }. With h[n] 
denoting the impulse response of the lowpass filter, we have 

The reconstructed sequence is then 

*A"] **= x v [n]*h[nl (145) 

or equivaJently, 

*r[n] - > Jc[kN]— — — — . (7 46) 

Equation (7.46) represents ideal band-limited interpolation and requires the implemen- 
tation of an ideal lowpass filter. In typical applications a suitable approximation for the 
lowpass filter in Tigure 7.33 is used, in which case the equivalent interpolation formula is 
of the form 

Mn] = X *[*N]h r [n - kN] t (7.47) 

where h r [n] is the impulse response of me interpolating filter. Some specific examples, in- 
cluding the discrete-time counterparts of the zero-order hold and first-order hold discussed 
in Section 7.2 for continuous-time interpolation, are considered in Problem 7.50. 



7,5.2 Discrete-Time Decimation and Interpolation 

There are a variety of important applications of the principles of discrete-time sampling, 
such as in filter design and implementation or in communication applications. In many 
of these applications it is inefficient to represent, transmit, or store the sampled sequence 
x p [ti] directly in the form depicted in Figure 7.31, since, in between the sampling instants, 
XpM is known to be zero. Thus, the sampled sequence is typically replaced by a new 
sequence Jfr[n], which is simply every Nth value of £j,{n]; that is, 

x h [n] = x p [nNl (7.48) 

Also* equivalent ly, 

x h [n] = x[nNl (749) 
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since x p \n\ and x[n] are equal at integer multiples of A r . The operation of extracting every 
Afth sample is commonly referred to as decimation? The relationship between x[n], x P [n], 
and Xb[n\ is illustrated in Figure 7.34. 

To determine the effect in the frequency domain of decimation, we wish to determine 
the relationship between Xtie^) — the Fourier transform of x b {n\ — and X(je* v ). To this 
end* we note that 



X b (^) = X XHlkle-***, 



* = -» 



or T using eq r (7,48), 



(7 JO) 



Xb(e J ") = X XplkN]*'*"*- 



k = ~*> 



If we let n = kN, or equivaJently jt = n/N, we can write 



X b {en = ^ x P [n]t ja,n * N , 

nu inkier 

multiple nf A r 



(7.51) 



and since jt p [/i] = when * is not an integer multiple of N t we can also write 



+« 



**">*) = X Xp\*\e- i ™ ,N * 
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Figure 7.34 Relationship betwwn 
^>[rr] corresponding to sampling and 
jfr[n] corresponding to decimation. 



^Technically, decimation would correspond to extracting every tenth &ampfe L However, il has become 
common tconiiiology to refer to the operation as decimation even when N is not equal to 10. 
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Furthermore, we recognize the right-hand side of eq. (7.52) as the Fourier transform of 
jfyjln]; that is, 



xMe-W = XJe^'^l 



(7.53) 



Thus, Fromeqs. (7,52) and (7.531, we conclude that 



(7.54) 



This relationship is illustrated in Figure 7.35, and from it, we obi*erve that the Hpectra for 
the sampled sequence and the decimated sequence differ only in a frequency scaliqg or 
normalization. If,the original spectrum X{ef* a ) is appropriately band limited, so thai there 
is no aliasing present in X p (e J<IJ ) T then t as shown in the figure, the effect of decimation is to 
spread the spectrum of the original sequence over a larger portion of the frequency band. 
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Figure 7.35 Frequency-domain illustration of the relationship between 
sampling and decimation 



Tf the original sequence x[n\ is obtained by sampling a continuous-time signal, the 
process of decimation car be viewed as reducing the sampling rate on the signal by a factor 
of N. To avoid aliasing, X(e^) cannot occupy the full frequency band. In other words if 
the signal can be decimated without introducing aliasing, then the original continuous.- 
time signal was oversam pled, and thus, the sampling rate can be reduced without aliasing. 
With the interpretation of the sequence x[n] as samples of a continnous-time signal, the 
process o£ decimation is often referred to as downiampling. 
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Figure 7,36 Continuous-time sig- 
nal that was originally sampled at the 
Nyquist rate. After dtscrete-tirne fil- 
taring, the resulting sequence can be 
further down&ampled. Here -*U/w) 
is the continuous-time Fourier trans- 
'orm of Mtl X^e*"} and M^i are 
the discrete-time Fourier transforms 
rt x ti \?t] and ¥a[j)} ra$pectlwety h and 
W d (e^} is the frequency response of 
the discrete-time lowpass filter de- 
picted in the block diagram. 



In some applications in which a sequence is obtained by sampling a continuous- 
time signal, the original sampling rate may be as low as possible without introducing 
aliasing, but after additional processing and filtering, the bandwidth of the sequence 
may be reduced. An example of such a situation is shown m Figure 7.36 Since the 
output of the discrete-time filter is band limited* downsampling or decimation cm be 
applied. 

Just as in some applications it is useful to downs&mple, there are situations in which 
it is useful to convert a sequence to a higher equivalent sampiing rate, a process referred 
to as upsampling or interpolation. Upsampling is basically the reverse of decimation or 
downsampling. As illustrated in Figures 7.34 and 7.35* in decimation we first sample and 
then retain only the sequence values at the sampling instants. To upsample, we reverse 
the process* For example, referring to Figure 7.34 + we consider upsampling the sequence 
jcb[n] to obtain x[n]. From jr^tii], we form the sequence Xp[n] by inserting N - 1 points 
with zero amplitude between each of the values in xj,M- The inteipolated sequence x[n] 
is then obtained from x p [n] by lowpass filtering. The overall procedure is summarized in 
Figure 7.37. 
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Example 7,5 

In this example, we illustrate how acombiittliononnleipolaUon and decimation may be 
used to further down&ample a sequence without incurring aliasing. It should be noted that 
maximum possible downsampling is achieved once the non-zero portion of one period 
o f the discrete-time spectrum has expanded to fi H the entire band from - ir to tt. 

Consider the sequence x[n] whose Fourier transform Jf (e"" ) is illustrated in F3 gure 
'T.SXi'a), As discussed in Example 7.4* the Lowest rate at which impulse-train sampling 
may be used on this sequence without incurring aliasing is 2ir/4. This corresponds to 
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Figure 7.38 Spectra associated wilh Example 7.5. (a) Spectrum of x[n], 
(b) spectrum after downsamphnQ by 4, (c) spectrum after upsamplircg x[n] &y 
a factor of 2; (d) spectrum after jpsampling x[n] by 2 and then downsarnplino 

by 9. 
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sampling every 4th value of Jt[rt]. If the result of such sampling is decimated by a factor 
of 4, w-e obtain a sequence Xb[n) whose spectrum is shown in Figure 7-38ibj. Clearly 
there is still no aliasing of the original spectrum. However, this spectrum is zero for 
Sfl-/9 ^ \o>\ ^ 7T, which suggests there is room for further downsampling. 

Specifically examining Figure 7.38(a) we sec that if we could scale frequency 
by a factor of 9/2, the resulting spectrum would have nonzero values o ver the entire 
frequency interval from -n- to «\ However, since 9/2 is Dot an integer, we cant achieve 
this purely by downsampliiig. Rather we must first upsample x[n\ fay a factor of 1 acid 
then downsample by a factor of 9, In particular, the spectrum of the .signal x u \n\ obtained 
when -r[flj is upsampled by a factor of 2, is displayed in Figure 7.3S(t^ When x M [n\ is 
then ctown&EimpLed by a factor of 9, the spectrum of the resulting sequence -r^ffl] ii as 
shown in Figure 7.3 8(d). This combined result effectively corresponds tc do wnsamphng 
x[n\ by a noninteger amount, 9/2. Assuming that ■*[«] represents unahased samples tif 
a continuous-time signal j l {t)+ our interpolated and decimated sequence represents the 
maximum possible {aliasing-free) downsamplingcf jc ( .(fh 



7.6 SUMMARY 



In this chapter we have developed the concept of sampling, whereby a continuous-lime 
or discrete-time signal is represented hy a sequence of equally spaced samples. The con- 
ditions under which the signal is exactly recoverable from (he samples is embodied in 
the sampling theorem. For exact reconstruction, this theorem requires that the signal to be 
sampled be band limited and that the sampling frequency be greater than twice the high- 
est frequency in the signaJ to be sampled. Under these conditions, exact reconstruction of 
the original signal is carried out by means of ideal lowpass filtering. The time-domain 
interpretation of this ideal reconstruction procedure is often referred to as ideal band- 
limited interpolation. En practical implementations, the lowpass filter is approximated arid 
the interpolation in the time domain is no longer exact In some instances, simple inter- 
polation procedures such as a zero-order hold or linear interpolation (a first-order hold) 
suffice. 

If a signal is undersampled (i.e., if the sampling frequency is less than that required 
by the sampling theorem), then the signal reconstructed by ideal band-limited interpolation 
will be related to the original signal through a form of distortion referred to as aliasing. 
In many instances, it is important to choose the sampling rate so as to avoid aliasing. 
However, there are a variety of important examples, such as the stroboscope, in which 
aliasing is exploited. 

Sampling has a number &f important applications. One particularly significant set 
of applications relates to using sampling to process continuous- time signals with discrete - 
time systems, by means of minicompuiers, microprocessors, or any of a variety of devices 
specifically oriented toward discrete-time signal processing. 

The basic theory of sampling is similar for both continuous-time and discrete- 
time signals. In the discrete-time case there is the closely related concept of decimation, 
whereby the decimated sequence is obtained by extracting values of the original sequence 
at equally spaced intervals. The difference between sampling and decimation lies in the 
fact that, for the sampled sequence, values of zero lie in between the sample values, 
whereas in the decimated sequence these zero values are discarded, thereby compressing 
the sequence in time The inverse of decimation is interpolation. The idea* of decima- 
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Hon and interpolation arise in a variety of important practical applications of signals and 
systems, including communication systems, digital audio, high-definition television, and 
many other applications. 



Chapter 7 Problems 



The first section of problems belongs to the basic category, and the answers are pro- 
vided in. the back of the book. The remaining two sections contain problems belonging to 
the basic and advanced categories, respectively. 



BASIC PROBLEMS WITH ANSWERS 

7.1, A re a] -valued signal xU) is known to be uniquely determined by its samples when 
the sampling frequency is W* = 1 O.OOGtt* For what values of w is X(ja>) guaranteed 
to be aero? 

7.2, A continuous-time signal x(t) is obtained at the output of an ideal lowpass filter 
with cutoff frequency ta c = l,GQG7Mf impulse-train sampling is performed on x(f) t 
which of the following sampling periods would guarantee that x{t) can be recovered 
from its sampled version using an appropriate lowpass filter? 

(a) T = G.5 x 10 -3 

(b) T = 2 x lCT 3 

(c) T = 10" 4 

73, Th$ frequency which, under the sampling theorem, must be exceeded by tbe sam- 
pling frequency is called the Nyquist rate. Determine the Nyquist rate corresponding 
to each of the following signals: 

(a) x{t\ = \ + cos(2,000fff) + sin(4 p Ou0rri) 

<b) X(_n = ain <4 r pn0frj) 

(c) X (t) - ( ^ff^ )* 

7.4, Let x(r) be a signal with Nyquist rate <*>o- Determine the Nyquist rate for each of the 
following signals: 

(fl) x{t) 4- xit - 1) 

(b) &® 

(c) x*(f) 

(d) x(i) cos war 

7.5, Let xit)bc a signal with Nyquist fate wq. Aiso. 1** 



y(t) = x{r)p(t - U 
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where 



p(t) - ^ 50 " «T>, and T < 



2*r 

Wo' 



Specify the constraints on the magnitude and phase of the frequency response of a 
filter that gives x(t) as its output when y{t) is the input. 

7.6* In the system shown in Figure P7.6, two functions of time, x\{t) and j^tO* && mul- 
tiplied together, and the product w{t) is sampled by a periodic impulse train, j] (f) 
is band limited to *j,, and x 2 (/) is band limited to <t> 2 ; that is, 

*](>«) - f |ui| ^ w t . 

Determine the maximum sampling interval 7" such that w(t) is recoverable 
from w p (0 through the use of an ideal lowpaas filter. 



xiW- 



fit, 
p(t)=I &(t-nT> 
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7,7. A signal x(t) undergoes a zero-order hold operation with an effective sampling pe- 
riod r to produce a signal jr (r). Let -MO denote the result of a first-order hold 
operation on the samples of jr(f); i-e.. 



jci(0 - X x(nT)/i,0-«n 



where ft|(r) is the function shown in Figure P7.7. Specify the frequency response of 
a filter that produces x\{t) as its output when xo(t) is the input. 
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7.8. Consider a real, odd, and periodic signal x(t) whose Fourier series representation 
may be expressed as 

x{r) = Y - sm(*irt)- 

Let x(t) represent the signal obtained by performing impulse-train sampling on x(t) 
using a sampling period uf T = 0.2. 

<a) Does aliasing occur when this impulse-train sampling is performed on x(r)? 
(b) If x{t) is passed through an ideal lowpass. filter with cutoff frequency ir/T and 
pas&bandgain T, determine the Fourier series representation of the output signal 

sin. 

7.9. Consider the signal 



x(0 = 



smSOsrf^ 



TTt 



■ ' 



which we wish to sample with a sampling frequency of tv s = 150tt to obtain a 
signal g[r) with Fourier transform G(jw). Determine the maximum value of w for 
which it is guaranteed that 

G{jot) = 75X(jw) for \w\ ^ tu 0f 

where X{jto) is the Fourier transform of x{t\ 
7.10. Determine whether each of the following statements is true or false: 

(a) The signal x(r) = u(t + T ) — u(t - T tJ ) can undergo impulse -train sampling 

without aliasing, provided that the sampling period T < 27V 
<b) The signal x{t) with Fourier transform X{j<a) = u(to + tu ) - uiut - w t ,) can 

undergo impulse-train sampling without aliasing, provided that the sampling 

period T < itia>^ 
(c) Thesignal^^withFouriertransform^^) = u{<ii)-u{w -*> a jcan undergo 

impulse-train sampling without aliasing, provided chat the sampling period T < 

7JL Let x c {t) be a continuous-time signal whose Fourier transform has the property that 
Xf.(jot) = Ofor|w| > ZOOOtt. A discrete^tiirte signal 

Xdin] = je c (k(0\5x 10" 3 )) 
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is obtained. For each of the following constraints on the Fourier transform Xj(e J ™} 

of xA**]+ determine the corresponding constraint on X t (jt*>y 

(a> JM^isrcal. 

(b) The maximum value of Xjie*'*) over all to is I , 

(d> X d {e'«>) = XAe^-^l 

7.12. A discrete-time signal xj[n\ has a Fourier transform Xjie***) with the property that 
Xf (* J-,u ) = for 3t/4 ^ jar] ^ tt. The signal i& converted into a continuous-time 
signal 

where 7 1 = 10 " 3 , Determine the values of in for which the Fourier transform X c (j<v) 
of jt t (/) is guaranteed to be zero. 

7.13, With reference to the filtering approach illustrated in Figure 7.24 H assume that the 
sampling period used is T and the input x c {t) is band Limited, so thai X c {jm ) = for 
|w| s= 77/r, If the overall system has die property that y c (t) - x t tf- 2 7"> h determine 
the impulse response h[n] of the discrete-time filter in Figure 7 + 24, 

7-14. Repeat the previous problem, except this time assume that 

J. IS. Impulse-train sampling of x[ri] is used to obtain 

g[n] = 2 x[n]d[n - kNl 

If Jfle'*"} = for 3ir/7 ^ |w| =£ tt, determine the largest value for the sampling 
interval tf which ensures thaE no aliasing takes place while sampling x[rt\. 

7.16. The following facts are given attouttbe signal x[ti[ and its Fourier transform: 

1* x[n] is real. 

2. X{e JW ) * fbi < w < tt. 

3. Jc[flEr=^fi[«-2Jt) = *[«]. 

Determine jejn]. You may find it useful to note thai the signal (sin ^n)f(wn) satisfies 
two of these conditions. 
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7,17. Consider an ideal discrete-time bandstop filter with impulse response h[n\ for which 
the frequency response in the interval — tr ^ to ^ tt is 



Hie*") = 



3r 



1, M ^ ^andM^ *f 
0, elsewhere 



Determine the frequency response of the filter whose impulse response is h[2n], 

7.1&. Suppose the impulse response of an ideal discrete-time Jowpass filter with cutoff fre- 
quency tt/2 is interpolated (in accordance with Figure 7.37 ) to obtain an upsampling 
by a factor of 2. What is the frequency response corresponding to this upsampled 
impulse response? 

7.19, Consider the system shown in Figure P7,19 T with input x[n] and the correspond- 
ing output y[n]. The zero- insertion system inserts two points with zero amplitude 
between each of the sequence values in x\n]. The decimation is defined by 

y[n] = w{5nl 

where w[/i] is the input sequence for the decimation system. If the input is of the 
form 



x[n] = 



irrt 



determine the output y[n] for the following values of o>t 
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Figure P7.T 9 



7.20, Two discrete-time systems S^ and 52 are proposed for implementing an ideal low- 
pass filter with cutoff frequency tt/4. System S[ is depicted in Figure F7. 20(a). 
System S 2 is depicted in Figure P7. 20(b). In these figures, Sa corresponds to a zero- 
insertion system that inserts one zero after every input sample, while S B corresponds 
to a decimation system that extracts every second sample of its input. 

(a) Does the proposed system S 1 correspond to the desired ideal lowpass filter? 

(b) Does the propused system S* correspond to the desired ideal lowpass filter? 
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Figure P7.30 













BASIC PROBLEMS 

7-21. A signal x{t) with Fourier transform Xf/w) undergoes impulse -train sampling to 
generate 



where r = Id' 4 . For each of the following sets of constraints on rtt) and/or X{ju*\ 
doe$ the sampling theorem (see Section 1. 1. 1 ) guarantee that x(r) can be recovered 
exactly from x fi (ry} 

(a) Jf(j«> = for |w| > 5000ir 

(b) X{» *= Ofor |w| > 150007T 

(c) (RetfOia)} = Ofor |w| > 5CXX)ir 

{d) MO real and X(/w) - for w > 50(Khr 
<e) jc(r) real and X(jw) = forw < -]5000tt 
(f) *(/*) * X<» = for M > 15000tt ^ 
(£> |X(;w)| * forw > 5QOOir 
7,22. Hie signal y(t) is generated by convolving a band-limited signal x\{t) with another 
band-limited signal * 2 (0> that is, 

y(f> - * L (f)*jr 2 <0 
where 

XlU&O =0 for \ut\ > lOOQir 
X^Ow) - for [*oj > 2000w. 

Impuise-train sampling is performed on y(t) to obtain 
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n = — ^ 

Specify the range of values for the sampling period T which ensures that y(t) is 
recoverable from y p (t), 

7,23, Shown in Figure P7.23 is a system in which the sampling signal is an impulse train 
with alternating sign. The Fourier transform of the input signal is as indicated in the 
figure, 

(a) For A < tt/(2o)m\ sketch (he Fourier transform of J p (r) and y(t). 

(b) For A < ?r/<2fij w ), determine a system that will recovei x(t) from x p (t). 

(c) For A < ir/(2td W ), determine a system that will recover jf(r) from y(r). 

(d) What is the maximum value of A in relation to otM for which x{t) can be recov- 
. ered from either x p (t) or y(t)? 
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Figure P7.23 



7,24, Shown in Figure F7.24 is a system in which the input signal is multiplied by a 
periodic square wave* Tlie period of s(r) is J. The Input signal is band limited with 
|X(;«>)| = Ofor|w| ^ Wjh. 
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(a) For A = 773, determine, in terms of tu^, the maximum value of T for which 
there is no aliasing among the replicas of X{jw) in W(j<ti). 

(b) For 4 = 774, determine, in terms of cu^, the maximum value of Tfor which 
there is no aliasing among the replicas of Xijt**) in W(ja>)+ 
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Figure P7.24 



7,25. In Figure P7 ,25 is a sampler, followed by an idea] lowpass filter, for reconstruction of 
x(j) from its samples x p (j) From the sampling theorem, we know that if w s = IttIJ 
is greater than twice the highest frequency present in x\t) and w L = m^fl, then the 
reconstructed signal x r U) will exactly equal x(t). If this condition on the bandwidth 
of x(i) is violated, then x r {i) will not equal x{t). We seek to show in this problem 
that if m c = Wj/2, then for any choice of T, x r {t} and x(t} will always be equal at 
the sampling instants; that is, 

x r (kT) = x(kT).k = 0, ±1, ±2,.,.. 
p{t) = X S(t-0T} 




«rW 



Figure P7.25 

To obtain this result, consider eq. (7.1 1 ), which expresses x r (r) iti terms of the 
samples of xit): 

/•\ %7 ^ ^r^ sinfa> r (l - nDj 

*r(0 = > *(nT>T =-—, 

~ v it w r (t- nT) 



With w< = w,/2 r this becomes 



t,(0 - ]T j(fir> 



sin^-nT) 



£(* - «n 



(P7.25^I 
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hy considering the values of a tor which [sin(of)J/tr =- 0, show from eq, 
(P7.25-1) that, without any restrictions on x(t), x r {kT) — x(kT) for any integer 
value of k. 

7.26. The sampling theorem, as we have derived it, states that a signal x(t) must be sam- 
pled at a rate greater than its bandwidth (or equivalent];/, a rate greater than twice its 
highest frequency). This implies that if x(j) has a spectrum as indicated in Figure 
P7, 26(a) then x{t) must be sampled at a rate: greater than 2**2. However, since the 
signal has most of its energy concentrated in a narrow band, it would seem reason- 
able to expect that a sampling rate lower than twice the highest frequency could be 
used, A. signal whose energy is concentrated in a frequency band is often referred to 
as a bandpass signal. There are a variety of techniques for sampling such signals, 
generally referred to as bandpass-sampling techniques. 
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To examine the possibility of sampling a bandpass signal as a rate less than 
the total bandwidth, consider the system shown in Figure P7-26fl>). Assuming that 
t&\ >jU2"ftj !h find the maximum value of T and the values of the constants A, w ai 
and orj, such that jc r (f) — x(t). 

7.27. In Problem 7.26, we considered one procedure for bandpass sampling and recon- 
struction. Another procedure, used when x{i) is real, consists of multiplying x(i) by a 
complex-exponential and then sampling the product. The sampling system is shown 
in Figure P7 .27(a). With xft) real and with X(jw) nonzero only forwi < |»| < <az, 
die frequency is chosen to be ojq = (l/2)(cu [ + <&{), and the lowpass niter H^{jto) 
has cutoff frequency (l/2)(&> 2 - wi)< 

(a) For X{jot) as shown in Figure P7.27(bX sketch X p (jto). 

(b) Determine the maximum sampling period T such mat x(t) is recoverable from 

(c) Determine a system to recover x(t} from Xp(t). 
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Figure P7.27 



7.28, Figutfe P7 .28(a) shows a system that converts a continuous -time signal to a discrete- 
time signal. The input x(t) is periodic with a period of 0. 1 second. The Fourier series 
coefficients of x(t ) are 



1 



\*\ 



a * = ij I > _M< A< +ot 



Hie lowpass filter H{ja>) has the frequency respunse shown in Figure P7,28(b). The 

sampling period T = 5 x 10~ 3 second. 

(a) Show that *[/i] is a periodic sequence, and determine its period. 

0>) Determine the Fourier series coefficients of x{n\. 
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Figure P7.28 



1J19, Figure P7 .29(a) shows the overall system for filtering a continuous-time signal using 
a discrete-time filter If X c (jot) and flV») ate as shown in Figure P7 29(b) with 
1/7 1 = 20 kHz, sketch y p (», *{*>), K(*>), ^(jW), and y c <>0. 
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730- Figure P7.30 shows a system consisting of a continuous-time LTI system followed 
by a sampler, conversion to a sequence, and an LTI discrete-time system. The 
continuous-time LTI system is causal and satisfies the linear, constant-coefficient 
differential equation 

dyAO 



dt 



+ y'M = kM 



The input x t {t) is a unit impulse S(t). 

(a) Determine y e (t). 

(b) Determine the frequency response /J(e JaP ) and the impulse response h[rt] such 
thaiw[n] = Bin]. 

dvM) 
-*$- + y c (t) =■ x t [t) 



*ctt 



LTI 



y,(t) 



+<x 




Conversion of 

impulse Iram 

to a 

sequence 



ptt> = S*ft-nT> 



yN 



LTI 
H(e»-) 



«N 



y(n] = y c (nT) 



MH 



Figure P7-30 

731. Shown in Figure P7.31 is a system that processes conunuous-time signals using a 
digital iiLter h[n\ that is linear and causal with difference equation 

y\n\ = jjlfl- 1] +*[«]. 

For input signals that are band limited such that X c (jh>) - for \<&\ > trlT, the 
system in the figure is equivalent to a continuous-time LIT system. 

Determine the frequency response H c (j&} of the equivalent overall system 
with input x c {i) and output >v(/) + 
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pm»=X8tt^niT) 



ffgut«P7.31 

7 .31* A signal x[n] has a Fourier transform Jf[e J ^> that is zero for (u74) 
Another signal 



|up] s fl- H 
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gW = x[n] ]T S[n - 1 - 4t] 



t= 



is generated. Specify thejrequency response H{e J ™ ) of a lowpass filler that produces 
x[n] as output when g[n) is the input 

733. A signal x[n] with Fourier transform Xie^i has the property that 



UtnJ 2 «t« — 3» W 



'sin j n 



= *«]. 



For what values of at is it guaranteed that X(e iU> ) = 0? 

734, A real -valued discrete-time signal x[n] has a Fourier transform Jf {*■'*') that is zero 
for 3 ti7 14 ^ |o»| ^ tt. The nonEero portion of the Fourier transform of one period 
of X{e J,a } can be made to occupy the region \ta\ < tt by first performing upsampling 
by a factor of L and then performing downsampling by a factor of At. Specify the 
values of L and A/. 

735* Consider a discrete-lime sequence j[n] from which we form two n&w sequences, 
x r [n] and -rj [n] t where x p [n] corresponds to sampling x[n] with a sampling period 
of 2 and x d [tt] corresponds to decimating x[n] by a factor of 2 T so that 



x p [n\ = 



_ *[«]. 



0, 



n = 0, ±% ±4, . . . 
« = ±l h ±3,,. r 



and 



*dM = Jt[2n]. 

(a) If x[n] is as illustrated in Figure P7 35(a), sketch the sequei-fcces x p [n] and x<* \n] . 

(b) If Jf(eJ"* , > is as shown in Figure P7 35(b). sketch X p {e jlu ) and Xj(e' w ). 
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Figure P7.35 



ADVANCED PROBLEMS 



7.36 Let jr(r) be a band-limited signal such that X{ja>) = Gfor|a)| Sr f. 

(a) If x(t) is sampled using a sampling period J", determine an interpolating function 
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g(r)such that 



dxit) 
di 



= V x{nT)x(t - nTl 



(h) Is the function #(*) unique? 

7 _37. A signal Limited in bandwidth to |*>| < W can be recovered from ntm uniformly 
spaced samples a& ]ong as the average sample density is 2(Wf2ir) samples per sec 
ond. This problem illustrates a particular example of nonuniform sampling. Assume 
that in Figure P7. 37(a): 
L x(t) is bajid limited; X{Jm) - G\ jwj > IV. 

2. p<0 is a nonuniform!} spaced periodic pulse train, as shown in Figure P7.37(b). 

3. /(f) is a periodic waveform with period T = 2irfW. Since /(/) multiplies an 
impulse train, only its values /(0) = a and /(A) = A at t = and t - i t re- 
spectively, are significant. 

4. H\{jw) is a 90° phase shifter; that is, 



fliOO 
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5. Hiijat) is an ideal lowpass filter; that is, 

' K, 0< in < W 
H 2 {jto} = i K\ - W < to < , 

0. M>IV 

where A' is a (possibly complex) constant, 

(a) Find the Fouriei transforms of pit), y\ (r), yziO* and j^{f )■ 

(b) Specify the values of a t b, and K as functions of A such that z(i) = x(i) for any 
band-limited Jt{?) and any A such that <: A <: irfW. 

738. It Ls frequently necessary \o display on an oscilloscope screen waveforms having 
very short time structures— for example, on the scale of thousandths of a nanosec- 
ond. Since the rise time of the fastest oscilloscope is longer than this, such displays 
cannot be achieved direcdy. If however, the waveform is periodic, the desired result 
can be obtained indirectly by using an instrument called a sampling oscilloscope. 

The idea, as shown in Figure P7 . 38( a) , is to sample the fast waveform x(t ) once 
each period, but at successively later points in successive periods. The increment 
A should be an appropriately chosen sampling interval in relation to the bandwidth 
of x{t ). If the resulting .impulse train is then passed through an appropriate interpolat- 
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period T; 
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Figure P7.BH 
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ing lowpasi filter, the output y{r) will be proportional to the original fast waveform 
slowed down orstrelched out in time [i.e. t y\t) t$ proportional to x{at) T wherea < 1J. 
For x{t) * A + B cos[(2ir/J)i +■ 9), find a range of values of A such that y(0 
in Figure P7. 38(b) is proportional to x(at) with a < l. Also, determine the value of 
a in terms of T and i, 

7,39 A signal x p (t} is obtained through impuie-train sampling of a sinusoidal signal x{f) 
whose frequency is equal to half the sampling frequency w„ 



and 



At) - cosfyf + *J 



+* 



MO = 2 -*("r)6<f - n7) 



where r = 2tt/w^ 
(a) Find £(0 such that 



(b) Show that 



x{i) = cosf»cos(-^ | +£</}, 



(*) 



g{nT) = for n = 0, ± 1. ±2, 
(c) Using the results of the previous two parts, show that if -x p {t) is applied as the 
input to an idea] lowpass filter with cutoff frequency tu T /2> the resulting output 



is 



>■(/) = cos(<£)cosL^r 

7,40. Consider a disc on which four cycles of a sinusoid are painted. The disc is rotated at 
approximately 15 revolutions per second, so that the sinusoid, when viewed through 
a narrow slit, has a frequency of 60 Hz. 

The arrangement is indicated in Figure P7,40. Let v(t) denote the position of 
the line seen through the slit. Then 

v(0 = Acosiutf + $)>&u = 120tt. 

Position of line varies anuaoidalty 
at 60 cycles per second 

I 

Disk rotating at 
15rps 




Figure P/-4C 
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For notational convenience, we will normalize v(t) so that A =■ 1 . Al 60 Hz, the eye 
is not able to follow v{r\ and we will assume that this effect can be explained i>y 
modeling the eye as an ideal lowpass filter with cutoff frequency 20 Hz. 

Sampling of the sinusoid can be accomplished by iUuminating the disc with a 
strobe light. Thus, the illumination can be represented by an impulse train; that is, 

where 1/r is the strobe frequency in herts. The resulting sampled signal is the prod- 
uct r(i) " v{t}i(t)- Let Rijto), V{jtx>\, and /(jeu) denote the Fourier transforms of 
tit)* v(t), and i{t\ respectively. 

(a) Sketch V{jo>\ indicating clearly the effect of the parameters 4> and wo- 

(b) Sketch /(;"«*), indicating the effect of T. 

(c) According to the sampling theorem, there is a maximum value for T in terms 
of bt such that v(i) can be recovered from r^i) using a lowpass filter Deteimine 
this value of T and the cutoff frequency of the lowpass filter. Sketch R{jai ) when 
T is slightly less than the maximum value. 

If the sampling period T is made greater than the value determined in part 
(c), aliasing of the spectrum occurs. As a result of this aliasing, we perceive a 
lower frequency sinusoid. 

(d) Suppose thai 2tt/T = arq + 2(hr. Sketch R{jta) for |w| < 4077, Denote by v a {i) 
the apparent position of the tine as we perceive it. Assuming that the eye be- 
haves as an ideal lowpass filter with 20-Hx cutoff and unity gain, express v d (j) 
in the form 

v fl (r) = A a CQ${to a + (f> a ) r 

where A a is the apparent amplitude, w a the apparent frequency, and <£,, the 
apparent phase of v a {t). 

(e) Repeat pan (d) for 2ir/T = a> - 2(hr, 

7 At. In many practical situations a signal is recorded in the presence of an echo, which we 
would like to remove by appropriate processing. For example, in Figure P7.41 (a), 
we illustrate a system in which a receiver simultaneously receives a signal *{r) and 
an echo represented by an attenuated delayed replication of x(t\ Thus, the receiver 
ouiput is sit) = x(t) + ax(t - Tq), where |aj < 1. This output is to be processed to 
recover i(r) by first converting to a sequence and then using an appropnate digital 
filter h[ri\, as indicated in Figure P7«41(b). 

Assume that x{t) is hand limited [i.e., AXjV) = for |a>l > a)^} and that 

M <■ 1 - 

(a> If To < -n-/tw M> and the sampling period is taken to be equal to T^(i.^,T = To), 

determine the difference equation for the digital filter h{n] such that »(/■> is 

proportional to Jf(r). 
(b> With the assumptions of part (a), specify the gain A of the ideal lowpass filter 

such that y f (t) = jt(f), 
(c) Now suppose that ir/ft^ < To < 27r/w,w. Determine a choice for the sampling 

peried T, the lowpass filter gain A, and the frequency response for the digital 

filter h[n] such that y c (t) is proportional to x(t). 
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f» 



Figure P7 .4 1 

7,42, Consider a band-limited signal x c (t) that is sampled at a rate higher than the Nyquist 
rate TTie samples, spaced T seconds apart, are then converted to a sequence x[n}^ 
as indicated in Figure P7.42, 

p(t) = SB<t-nT) 



*vV) 



<H> 



Xpfl) 



Conversion of 
impulse train 
to sequence 



xhl ■= Xc iriT) 



Figure P7.42 

Determine the relation between the energy Ej of the sequence, the energy E r 
of the original signal and the sampling interval T. The energy of a sequence x[n } is 
defined as 

Ed = it \ x[n] ?' 
and the energy in a continuous-time function x c {t\ is defined as 
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7,43, Figure P7.43ja) depicts a system for which the input and output are diicrete-time 
signals. The discrete-time input x[n] is converted to a continuous-time impulse train 
x p (i)r The continuous -time signal x p {t) is then filtered by an LTE system to produce 
the output yAf), which is then convened to the discrete-time signal y{n]> The LTI 
system with input x c (t) and output y t (f) is causal and is characterized by the linear 
constant-coefficient differential equation 



dfi 



dt 



The overall system is equivalent to a causal discrete-time LTI system, as indicated 
in Figure P7, 43(b), 

Determine the frequency response H(e JlMt ) and the unit sample response h[n] 
of the equivalent 1X1 system* 



1 a(t-nT) 

n - - = 



*ln] 



Conversion 

to an 
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(a* 



n & (t) = lx[n]fi(t-nT) 
y P W^¥ c (t> * B(t-nT) 



*w 



h[nl;H(en 
equivalent 
LTI system 






Figure P7.43 

7.44, Suppose we wish to design a continuous-time generator that is capable of producing 
sinusoidal signals at any frequency satisfying 

(Ui ^ a* £ tu 2> 

where &m and o»2 are given positive numbers. 

Our design is to take the following form: We have stored a discrete-time cosine 
wave of period Af; that is, we have stored x[0] t t , . , x [N — 1 L where 
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*[*] = cos^l 



Every T seconds we output an impulse weighted by a value of jc[Jt] + where we pro- 
ceed through the values oft = G\],.^ h /V-lina cyclic fashion. That is t 



orequivalendy, 



and 



y{kT) = x(k modulo W), 



ytkT) = coJ^ 



(a) Show that by adjusting 7\ we can adjust the frequency of the cosine signal being 
sampled. That is, show that 



ypiO = (cos to n 2^ &l* " ***)■ 

where w n = 2irfNT. Determine a range of values for T such that >'(r) can rep- 
resent samples of a cosine signal with a frequency thai is variable over the full 
range 

it>\ ^ tii S wi- 

(b) Sketch Y p {JQi). 

The overall system for generating a continuous-time sinusoid is depicted 
in Figure P7.44(a). H(jt*>) is an ideal lowpass filter with unity gain in lis pass- 
band; that is. 



Hiju) « 



1, jftj| < w f 
0. otherwise ' 
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Figure P7.44 
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The parameter <o L is to be determined so that yit) is a continuous-rime cosine 

signal in the desired frequency hand, 
(c) Consider any value, of T in the range determined in part (a). Determine the 

minimum value of jV and some value for <a c such that y(i) is a cosine signal in 

the range oj] ^ w ^ tt^ 
id} The amplitude of y(t) will vary, depending upon the value of a chosen between 

o>i and *J 2+ Thus, we must design a system G(/*t>) that normalizes the signal as 

shown in Figure P7 .44(b), Find such a G(jai). 

7,45. In the system shown in Figure P7.45, the input x e {t) is band limited with X t (jia) = 
0, \o}\ > 2-n- x 10 4 . The digital filter h[n] is described by the input-output relation 
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Figure P7.45 



(P7,45-l) 



k t -: 



(a) What is the maximum value of T allowed if aliasing is to be avoided in the 

transformation from xjt) to x p (i). 
(bj With the discrete-time LTI system specified through eq (P7.45-1). deteimine 

its impulse response h[n]. 
(c) Determine whether there is any value of r for which 

lim y[n] =* lim f x c (t) dr. (P7.45-2) 

If so t determine the maximum value. If not, explain and specify how T vvould 
be chosen so that the equality in eq< (P7.45-2) is best approximated. (Think 
carefully about [his part; it is easy to jump to the wrong conclusion!! 

7.46 A signal x[n] is sampled in discrete time as shown in Figure P7.46, h r [ n] is an ideal 
low pass filter with frequency response 



HA*n - 



1 



IwKJJ 



0. £<fw|<?r 
From eqs, (7.46) and (7,47) T the filter output is expressible as 

,Afru t sintij.fn — kN) 
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x r [n) 



p[n] -Sfc(n-kN) 



Figure P7.46 



where w t = 2nIN. Show that independent of whether the sequence x[n] is sam- 
pled above or below the Nyquist rate, x r [mN] - x[mN], where m is any positive or 
negative integer. 

7.47* Suppose jc[n] has a Fourier transform that is zero for 7r/3 ^ |&>| s tt. Show that 



" /sinCf (« - 3ft))\ 



7.4& If4«] = cos(J*+<fo)withO s 4m<2ir'dndg[n] = jc[n]j^ = ^ S\n-4k], what 
additional constraints must be imposed on ^o to ensure that 



gM* 



'sin Jn 



= *[n]? 



7.49. As discussed in Section 7.5 and illustrated in Figure 7.37, the procedure for interpo- 
lation or upsampling by an integer factor N can be thought of as the cascade of two 
operations. The first operation, involving system 4, corresponds to inserting N — 1 
zero-sequence values between each sequence value of i[n] t so that 



n = 0, ±N f ±2N 1 .. 
otherwise 



For ejtact band-limited interpolation, H(e Ji *) is an id&al lowpass filter. 

(a) Determine whether or not system A is linear. 

(b) Determine whether or not system A is time invariant. 

(c) For Jf rf (* JU ) as sketched in Figure P7,49 and with jV = 3, sketch X P {e fl °). 

(d) For N =* 3, X d \e jM ) as in Figure P7.49, and H{e ] ™) appropriately chosen for 
exact band-limited interpolation, sketch X(e Jot ). 
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Figure P7.49 
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7.50. In this problem, we consider the discrete-time counterparts of the zero-order hold and 
first-order hold, which were discussed for continuous time in Sections 7. 1 .2 and 7.2. 
Let x[n\ be a sequence to which discrete-time sampling, as illustrated in Fig- 
ure 731, has been applied. Suppose the conditions of the discrete-lime sampling 
theorem are satisfied; that is, w k > 2u^, where Wj is the sampling frequency and 
X{eW) = T to M < |w| ^ 7T. The original signal *[«] is then exactly recoverable 
from JCf,[n] by ideal lowpass filtering, which, as discussed in Section 7.5, corre- 
sponds to band-limited interpolation. 

The zero-order hold represents an approximate interpolation whereby every 
sample value is repeated (or held) N - 1 successive times, as illustrated in Figure 
P?.50(a) for the case of N — 3. The first-order hold represents a linear interpolation 
between samples, as illustrated in the same figure. 
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(a) The zero-order hold can be represented as an interpolation in the form of eq. 
(7.42) or, equivalency, the system in Figure P7 .50(b). Deterniine and sketch 
ho[n] for the genera] case of a sampling period N. 

(b) x[n] can be exactly recovered from the zero-order-hold sequence Xa[n] using an 
appropriate LTI filter H(W w ) t as indicated in Figure P7. 50(c). I>etermine and 
sketch Hie'"). 

(c) The lirst-order-hold (linear interpolation) can be represented as an interpolation 
in the form of eq (7.42) or b equivalemly, the system in Figure P7,50(d}, Deter- 
mine and sketch k] [n] for the general case of a sampling period ,V. 

<d) x[ n] can be exactly recovered from the first-order-hold sequence x L [n] using an 
appropriate LTI filter with frequency response H{e Ji "). Determine and sketch 
me*™). 

7.51. As shown in Figure 7.37 and discussed in Section 7,5.2, the procedure for inter- 
polation or upsampling by an integer factor N can be thought of as a cascade of 
two operations. For exact band-limited interpolation, the filter H(e ;iI} ) in Figure 
7.37 is an ideal lowpass filter In any specific application, it would be necessary 
to implement an approximate lowpass filter In this problem, we explore some use- 
ful constraints that are often imposed on the design of these approximate Lowpass 
Miters, 
(a) Suppose that H{e Jtii ) is approximated by a zero-phase FIR filter The filter is 

to be designed with the constraint that the original sequence values *rf[n] get 

reproduced exactly; that is T 



x\n\ = Xti 



,/i = 0,±L, ±2L,.... (P7.51-1) 



This guarantees that, even though the interpolation between the original se- 
quence values may not be exact, the original values are reproduced exactly in 
the interpolation. Determine the constraint on the impulse response h[n] of the 
lowpass filter which guarantees thateq t (P7J>l-l) will hold exactly for any se- 
quence JTirLi]' 
(b) Now suppose that the interpolation is to be carried out with a linear-phase, 
causal, symmetric FIR filter of length N; that is 

h[n\ = 0,n <U,n > TV - L (P7.51-2) 

H(e* w ) = //ji(^™)f J "\ (F7.51-3) 

where Hftie JW ) is real. The filter is to be designed with che constraint that the 
original sequence values xj[n] get reproduced exactly, hut with an integer delay 
a, where at is the negative of the slope of the phase of H{e Jta ); that is, 



x[n\ = xj 



L 



a \n - a =■ O t ±L, ±2L, ... (P7.51-4) 



Determine whether this imposes any constraint on whether the filter length N 
is odd or even. 
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<c) Again, suppose that the interpolation is to be carried out with a linear-phase T 
causal, symmetric FIR filter, so that 

Hie'") = /i*(* ;ci >~-^\ 

where Hn(c J ^) is real. The filter is to be designed with the constraint that the 
original .sequence values *<*[«] gel reproduced exactly, but with a delay M that 
is not necessarily equal to the slope of the phase; that is, 



x[n] = xj 



n - a] 



M = 0,±£>r2/^... 



Determine whether this imposes any constraint on whether the filter length N is 
odd or even. 

7*52 In this problem we develop the dual to the time-domain sampling theorem, whereby 
a time-limited signal can be reconstructed from frequency-domain samples. To de- 
velop this nssult, consider die frequency-domain sampling operation, iu Figure P7 .52- 
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(a) Show thai 

x(t) = jc(0 * pit) 

where *(/), *(/), and /?(f> are the inverse Fourier transforms ofXijw), X{ja)} r 
and P(j4t>) t respectively. 

(b) Assuming that x{i) is time-limited so that *(f) = for |f( ^ ^-, show that x(f) 
can be obtained from x[t) through a "low-time windowing" operation- That is* 

x{t) = %t)w{t) 

where 

(c) Show that x{r ) is not recoverable from x(t) if x(t) is not constrained to be zero 
for If j =- -£-. 



8 

Communication systems 




S.O INTRODUCTION 



562 



Communication systems play a key role in our modem world in transmitting information 
between people, systems, and computers, [n general terms, in all communication systems 
the information at die source is first processed by a transmitter or modulator to change it 
into a form suitable for transmission over me communication channel. At the receiver, the 
signal is then recovered through appropriate processing. This processing is required for a 
variety of reasons. In particular, quite typically, any specific communication channel has 
associated with it a frequency range over which ic is best suited for transmitting a signal 
and outside of which communication is severely degraded or impossible. For example, 
the atmosphere will rapidly attenuate signals in the audible frequency range (10 Hz to 20 
kHz), whereas it will propagate signals at a higher frequency range over longer distances. 
Thus, in transmitting audio signals such as speech or music over a communication channel 
that relies on propagation through the atmosphere, the transmitter first embeds the signal 
through an appropriate process into another, higher frequency signal. 

Many of the concepts and techniques we have developed in the earlier chapters of 
this text play a central role in the analysis and design of communication systems. As with 
any concept that is closely tied to a wide variety of important applications, there are a large 
number of detailed issues to be considered, and, as indicated in the bibliography, there are 
many excellent texts on the subject. While a full and detailed analysis of communication 
systems is well beyond the scope of our discussions here, with the background of the 
previous chapters we are now in a position to introduce some of the basic principles and 
issues encountered in the design and analysis of these systems. 

The general process of embedding an information -bearing signal into a second 
signal is typically referred to as modulation. Extracting the information -bearing signal 
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is known as demodulation. As we will see, modulation techniques not only allow us to 
embed information into .signals that can be transmitted effectively, but also mate possible 
the simultaneous transmission of more than one signal with overlapping spectra over the 
same channel, through a concepi referred to as multiplexing. 

There are a wide variety of modulation methods used in practice, and in this chapter 
wc examine several of the most important of these. One large class of modulation meth- 
ods relies on the concept of amplitude modulation or AM in which the signal we wish to 
transmit is used to modulate the amplitude of another signal. A very common form of am- 
plitude modulation is sinusoidal amplitude modulation* which we explore in some detail 
in Sections 8,1-8,4 together with the related concepts of frequency-division multiplexing. 
Another important class of AM systems involves the modulation of the amplitude of a 
pulsed signal, and in Sections 3.5 and 8.6 we examine (his form of modulation as well as 
the concept of time-division multiplexing. In Section H.7 we then examine a different form 
of modulation, namely sinusoidal frequency modulation in which the information -hearing 
signal is used to vary the frequency of a sinusoidal signal. 

All of the discussion up through Section 8.7 focuses attention on continuous -time 
signals, since most transmission media, such as the atmosphere, are best thought of as 
continuous-time phenomena. Nevertheless, not only is it possible to develop analogous 
techniques for discrete- time signals, but it is of considerable practical importance to con- 
sider modulation concepts involving such signals, and in Section 8.S we examine some of 
the basic ideas behind the communication of discrete-lime signals. 

S. 1 COMPLEX EXPONENTIAL AND SINUSOIDAL AMPLITUDE MODULATION 

Man} communication systems rely on the concepi of sinusoidal amplitnde modulation, in 
which a complex exponential or sinusoidal signal c{t) has its amplitude multiplied (mod- 
ulated) by the information -bearing signal x{i). The signal i(r) is typically referred to as 
the modulating signal and the signal cit) as the currier signal. The modulated signal y(n 
is then the product of these two signals; 

v(0 = x(f)dt) 

As we discussed in Section R.O. an important objective in modulation is to produce a 
signal whose frequency range is suitable for transmission over the communication channel 
to be used. In telephone transmission systems, for example, long-dLstance transmission is 
often accomplished over microwave or satellite linLs. The individual voice signaL are 
in the frequency range 200 Hz :o 4 kHz, whereas a microwave link requires signals in 
the range 300 megahertz (MHz) to 300 gigahertz (GHz), and communication satellite 
links operate in the frequency range from a few hundred MHz to over 40 GH/,. Thus, 
for transmission over these channels, the information in a voice signal must be shifted 
into these higher ranges of frequency As we will see in this section, sinusoidal amplitude 
modulation achieves such a shift in frequency in a very simple manner 

8.1.1 Amplitude Modulation with a Complex Exponential Carrier 

There are two common forms of sinusoidal amplitude modulation, one in which the c amer 
signal is a complex exponential of the form 
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and the second in which the carrier signal is sinusoidal and of the form 

In both cases* the frequency u> c is referred to as the carrier frequency. Lei us consider first 
the case of a complex exponential carrier, and for convenience , let us choose &,_ = 0, so 
that the modulated signal is 

y{S) = x{t)ew, (8.3) 

From the multiplication property (Section 4.5) N and with X(jtii), Y{jbj). and Cijw) 
denoting the Fourier transforms of xit\ y(t\ and c(tX respectively^ 



Fflr c(t) a complex exponential as given in eq. (8.1), 

C(jt>}) = 2ir${& — o) L \ 
and hence. 



(84) 



(8,5; 



(tU) 



Thus, the spectrum of the modulated output y{t) is simply that of the input, shifted in 
frequency by an amount equal to the carrier frequency ea< . For example, with X(jtu} band 
limited with highest frequency <& M (and bandwidth 2w w ), as depicted in Figure 8.1(a), 
the output spectrum Y(jto) is that shc^wn in Figure 8. 1(c). 
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Figure S. 1 Etfed in the frequency 
domain of amplitude modulation with a 
complex exponential carrier, (a) spec- 
trum of modulatmg signal x(t)\ (t) 
spectrum of carrier c(t) *= e^^': [c) 
spectrum of amplitude- modulated sig- 
nal y[t) - xitye** 1 . 
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From eq. (83), it is clear that x{!} can be recovered from The modulated signal yO) 
by multiplying by the complex exponential e~ ;a> ^\ that Is, 



x(t) = >-<f)e --'"«'. 



cs.t: 



In the frequency domain, this has the effect of shifting the spec:rum of the modulated signal 
back to its original position on the frequency axis The process of recovering the original 
signal from the modulated signatis referred to as demodulation, a topic we discuss at more 
length in Section 8.2. 

Since €**" ' is a complex signal, cq. (8,3 J can be rewritten as 



y(r) = *(t)cosw t t + jx(t)si.rib> t r 



S,8) 



Implementation ofeq. (S.7)or(8.8) with .v(/)rcal utilizes two separate multipliers anctwo 
sinusoidal carrier signals that have a phase difference of tt/2, as depicted in Figure ft .2 for 
c{r) given by eq. (8.1). In Section 8.4 we give an example of one of the applications in 
which there are particular advantages Lo using a system, such as in Figure 8.2, employing 
two sinusoidal carriers with a phase difference of tt/2. 



CQS(uj c I+ ftf.) 




t 



6in(d) r t + %) 



■+- <R* !y<1>- 



+- Sr*lyV.)\ 



Figure B.2 Implementation of am- 
plitude modulation with a complex ex- 
ponential carrier c[t) - e' 1 - 1 "'^" 1 ' 



8. 1 .2 Amplitude Modulation with a Sinusoidal Carrier 

In many situations, using a sinusoidal earner of the form of eq. {8.2j is often simpler ihan 
and equally as effective as using a complex exponential carrier In effect, using a sinusoidal 
earner corresponds to retaining only the real or imaginary part of the output of figure S.2. 
A system that uses a. \inuMjidal carrier is depicted in Figure 8.3, 
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xft) 



(t . Figure S3 Amplitude modulation 

with a sinusoidal earner. 



The effect of amplitude modulation with a sinusoidal carrier in the form ofeq. (ft. 2) 
can be analyzed in a manner identical to that in the preceding subsection. Again, for 
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convenience we choose &< —• 0. In this case, the spectrum of the carrier signal is* 

Cijw) = <w[&{w - <o t ) + Sod + w c .)J. (8.9) 

and thus, from eq. ^.4), 



Yijv) * ^[XU& ~ J«r) + X(joj + M)J 



(8.10) 



Wi th X{ju> ) as depic te d in Figure 8,4( a) , the spectrum of y(t ) i s that shown in Figure 8,4( c\ 
Note that there is now a replication of the spectrum of the original signal, centered around 
both +<t> { and — *a 4 As a con sequence, v(r) is recoverable frci my (/) only if (i>m > <o (> since 
otherwise the two replications will overlap in frequency. This is hi contrast to the case of a 
compleK exponential carrier, for which a replication of the spectrum of the original signal is 
centered only around <& c > Specifically, as we saw in Section 3,1 ,1 , in thecase of amplitude 
modulation with a complex exponential carrier, _v(f) can always be recovered from y(t) 
for any choice of ttj t by shifting the spectrum back to its original location by multiplying 
by e ;ci,,r T as in eq. (S.7). With a sinusoidal carrier, on the other hand, as we see from 
Figure S.4, if at< < w«, then there will be an overlap between the two replications of 
X[j<tf). For example. Figure 8,5 depicts Y(jw) for <u t = tu^/Z, Clearly, the spectrum of 
xU) is no longer replicated in Y{j<oX ^d thus, itmay no longer be possible to recover x{t} 
from _v(f). 
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Figure 9-4 Effect in the frequency 
domain of amplitude modulation with a 
sinusoidal carrier: (a) spectrum of 
modulating signal x{t); (b) spectrum 
of carrier c[t) = cos<v; (cj spectrum 
of amplitude modulated signal. 
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Figure 8.5 Sinusoidal amplitude 
modulation vmti carrier cos wj 1or 

which tu c = ^«/£: (a) spactrum of 
modulating signal; id) spectrum af 

modulated signal. 



8,2 DEMODULATION FOR SINUSOIDAL AW 

At the receiver in a communication system, the information- bearing signal x{t) is recov- 
ered through demodulation. In this section, we examine the process of demodulation for 
sinusoidal amplitude modulation, as introduced in the previous section. There are two corn- 
monly used methods for demodulation, each with its own advantages and disadvantages 
In Section 8,2. 1 we discuss the first of these, a process referred to as synchronous demod- 
ulation, in which the transmitter and recsiser are synchronized in phase. In Section 8,2,2, 
we describe an alternative method referred to as asynchronous demodulation. 



8.2. 1 Synchronous Demodulation 

Assuming that <*> t > <*} Mt demodulation of a signal that was modulated with a sinusoidal 
cairieT is relatively straightforward. Specifically, consider the signal 



v(/) = .rfOcosw/ 



■8.LU 



As was suggested in Example 4,21, the original signal can be recovered by modulating 
y(, h > with the same sinusoidal carrier and applying a lowpass* filter to the result To see this, 
consider 



w(t) = y(t)cvsta c f. 



iS.l 2> 



Figure 8.6 shows the spectra of y(r) and w{t) t and we observe that jr(/)can be recovered 
from w(t) by applying an ideal lowpass filler with a gain of 2 and a cutoff frequency that 
is greater than *u f^ wc\d less than 2ca L — i&M. The frequency response of the lowpass filter 
is indicated by the dashed line in Figure 8.6(c), 

The hasis for using eq_ (8,12) and a lowpass filter to demodulate v(f) tan also he 
seen algebraically. From eqs. (8.1 1 ) and (812), ir follows that 

w(t) = x{t)cm 2 a*ft t 
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Figure 8.6 Demodulation of an amplitude- modulated signal with a sinu- 
soidal carrier: (a) spectrum of modulated signal; (bj specfum of carrier signal, 
(c) spectrum of modulated serial multiplied by the earner The dashed line 
indicates the frequency responss of a -owpass filter used to extract the de- 
modulated signal, 

or, using the trigonometric identity 



we can rewrite w(s) as 



2 l 1 

CDS (tl r l — - + - COSZtiJ,. 1, 

£ 2 



w{t) = £*(/) - |x(r)cos2w 4 *r. 



(113) 



Thus, w(f) consists of the sum of two Eerrns, namely one-half the original signal and one- 
half the original signal modulated with a sinusoidal earner at twice the original carrier 
frequency ai r , Btilh of these terns are apparent in the spectrum shown in Figure 8 6(c). 
Applying the lowpass filter to w(r) corresponds to retaining the first term on the nght-hand 
side of eq. (8 J 3) and eliminating the second term. 

The overall system for amplitude modulation and demodulation using a complex 
exponential carrier is depicted in Figure 8,7. and the overall system for modulation and 
demodulation using a sinusoidal carrier is depicted in Figure 8.8, In these figures, we 
have indicated the more general care in which, for both the complex exponential and the 
sinusoidal earner, a carrier phased is included. The modification of the preceding analysis 
so as to include t is straightforward and is considered in Problem 8.21 . 
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Figure 8.7 System for ampli- 
tude modulation and democuiatior 

using a complex exponential car- 
rier (a) modulation: (b) demodula- 
tion. 
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Figure 8.£ Amplitude modulation and demodulation with a sinusoidal car- 

rer: (a) modulation system, (b) demodulation system. The lowpass filter cut- 
off frequency w w is greater than u« and less tnan 2u c 
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In the systems of Figures S.7 and 8 8, the demodulating signal is assumed to be 
synchronized in phase with the modulating signal, and consequently the process is referred 
to as synchronous demodulation. Suppose, however, that the modulator and demodulator 
are not synchro nLzed in phase. For the case of the complex exponential earner, with t 
denoting the phase of the modulating carrier and #,. the phase of the demodulating carrier, 



and consequently. 






$,14) 
(8.15) 

(K.16) 



Thus, if 0, ¥> 0,., Mr) will have a complex amplitude factor. For the particular case in 
which x(r) is positive, x(t) « \w(r)\, and thus x(t) can be recovered by taking the magni- 
tude of the demodulated signal. 

For the sinusoidal carrier, again let 6 ( . and 0« denote the phases of the modulating and 
demodulating carriers, respectively, as indicated in Figure %,9. The input to ihe lowpass 
filter is now 



w(t) ^ *(/) cos(«< i + Q t .) co$(& t .r + 4> t ) F 
or T using the trigonometric identity 



<&H-) 



cos(w t / + 9 t .)cost*> t t + <b t ) = ^co&(0 ( -0,-) + -cos{2b> t f + e t - + t ), (8. IS) 
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Figure 8.9 Sinusoidal amplitude modulation and demodulation system Tor 
which the carrier signals and the modulator and demodulator are not synchro- 
nized (a) modulator; (b) demodulator. 



w(r) = -■ cos(0 r - <f> c )x(t) -J- -x{t)cos{2to r t + t + tf> r ), 



(8,19) 



and the output of the lowpass filter is then *{r) multiplied by the amplitude factor cos(0<- - 
<f>, ). If the oscillators in the modulator and demodulator are in phase, 0. : = tfv, and the 
output of the lowpass filter is *(/)■ On the other hand, if these oscillators have a phase 
difference of irf2, the output will be zero. In general, for a maximum output signal, the os- 
cillators should be in phase. Of even more importance, the phase relation between the two 
oscillators must be maintained over time, so that the amplitude factor cos(0 t — t£ r ) does 
not vary. This requires careful synchronization between the modulator and the demodu- 
lator, which is often difficult, particularly when they are geographically separated, as is 
typica! in a communication system. The corresponding effects of, and the need for, syn- 
chronization not onl> between the phase of the modulator and demodulator, but between 
the frequencies of the carrier signals used in both, are explored in detail in Problem 3.23. 



8,2.2 Asynchronous Demodulation 

In many systems that employ sinusoidal amplitude modulation, an alternative demod- 
ulation procedure referred to as asynchronous demodulation is commonly used. Asyn- 
chronous demodulation avoids the need for synchronization between the modulator and 
demodulator. In particular, suppose that jt(i) is always positive and that the earner fre- 
quency Wc is much higher than wm-> the highest frequency in the modulating signal. 
The modulated signal y(t] will then have the general form illustrated in Fignre 8.10, 
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In particular, the envelope of y{t) — that is, a smooth curve connecting the peaks in v(f) — 
would appear to be a reasonable approximation to j(r L Thus, j(r) could be approximately 
recovered through the use of a system that tracks these peaks to extract ihe envelope. Such 
a system is referred to as an envelope detector. One example of a simple circuit that acts 
a> an envelope detector is shown in Figure H. 11(a). This circuit is generally followed by a 
lowpass filter to reduce the variations at the carrier frequency,, which are evident in Figure 
8 1 1(b) and which will generally be present in the output Gf an envelope detectoi uf the 
type indicated in Figure 8. 11(a). 

The two basic assumptions required fur asyncturonous demodulation are that x{t) 
be positive and that x{t) vary slowly compared to w f , su that the envelope is easily 
tracked. The second condition is satisfied, for example, in audio transmission aver a radio- 
frequency (RF) channel, where the highest frequency present in *<0 is typically 15 to 20 
kHz and {i>J2tt is in the range 500 kHz to 2 MHz. The first condition, that x{n be positive, 
can be satisfied by simply adding an appropriate constant value to x(t) or, equivsJently, 
by a simple change in the modulator, as shown in Figure 8. 1 2. The output of the envelope 
detector then approximates xft) + A, from which x(j) is easily obtained. 

To use the envelope detector for demodulation, we require that A be sufficiently 
large so that x{t) + A is positive. Let K denote the maximum amplitude of x{t): that is, 
\xir)\ ^ K. For x(t)+A to be positive, we require that A > K. The ratio KfA is commonly 
referred to as the modulation index m. Expressed in percent, it is referred to as the percent 
modulation. An illustration of the output of the modulator of Figure 8, 12 for x(t) sinu- 
soidal and for m =^0.5 (50% modulation) and m = LO (100% modulation), is shown in 
Figure 8,13. 

In Figure 8.14, we show a comparison of the spectra as ^ociated w ith the modulated 
signal when synchronous demodulation and when asynchronous demodulation arc used 
We note Ln particular that the output of the modulator ffrr the asynchronous system in 
Figure 8 12 has an additional component A cos cu r f thai is neither present nor necessary in 
the synchronous system. This is represented in the spectrum of Figure S.I 4|c) by the pres- 
ence of impulses at +&<. and -*> t . For a fixed maximum amplitude K of the modulating 
signal, as A h decreased the relative amount of carrier present iu the modulated output 
decreases. Since the carrier component in the output contains no information its presence 
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Figure 8,10 Amplitude -modulated 
signal for which the modulating signal 
is positive. The dashed cutve repre 
sents the envelope of the modulated 
signal. 
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figure 8- 1 1 Demodulation by envelope detection {a) circuit for envelope 
detection using half-wave rectification; (b) waveforms associated with the en- 
velope detector in (i): r(t) is the half-wave rectified signal, *(f) Is the true 
envelope, and w(t) is the envelope obtained from the circuit in (a). The rela- 
tionship between x{t) ajnd w{t) has been exaggerated in (b} for purposes of 
illustration. In a practical asynchronous demodulation system, w{t) would typi- 
cally be a much closer approximation to x[t) than depicted here. 
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Figure 6. 1 2 Modulator lor an 
asynchronous modulation-demodulation 
system. 



represents an inefficiency — for example, in the amount of power required to transmit 
the modulated signal — and thus T in one sense it is desirable to make the ratio /l/A— Le,. 
the modulation index m — as large as possible. On the other hand, the ability of a simple 
envelope detector such as that in Figure 8.11 to follow the envelope and thus extract x(t) 
improves as the modulation indes decreases. Hence, there is a trade-off between the eflfi- 
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Figure 8, 13 Output of tFie am- 
plitude modulation system cf Figure 
B.12: (a) moculatior index m = Q.5; 
(b) modulation index m - 1.0 
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Figure 3. 1 4 Companion of spec- 
tra for synchronous and asynchronous 
sinusoidal amplitude modulation sys- 
tems: (a) spectrum cf tnodjlating 
sigflaF; (b) spectrum of affjcos*^/ 
representing modulated signal in a 
synch-rcnous system 1 (c) spectrum of 
[x[t) f- j4]c0Srj> c f representing modu- 
lated signal m an asynchronous 
system. 
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ciency of the system in terras of the power in the output of the modulator and the quality 
of the demodulated signal. 

There are a number of ad vantages and disadvantages to the asynchronous modulation- 
demodulation system of Figures 8,11 and 8J2, compared with the synchronous system of 
Figure 8.8, The synchronous system requires a more sophisticated demodulator because 
the oscillator in the demodulator must be synchronized with the oscillator in the modu- 
lator, both in phase and in frequency. On the other hand, the asynchronous modulator m 
general requires transmitting more power than the synchronous modulator, since, for the 
envelope detector to operate properly, the envelope must be positive, or equivalemly. there 
must be a carrier component present in the transmitted signal. This is often preferable in 
cases such as that associated with public radio broadcasting, in which it is desirable to 
mass-produce large numbers of receivers (demodulators) at moderate tost. The additional 
cost in transmitted power is then offset by the savings in cost for the receiver. On the 
other hand, in situations in which transmitter power requirements are at a premium, as 
in satellite communication, the cost of implementing a more sophisticated synchronous 
receiver is warranted. 

8.3 FREQUENCY DIVISION MULTIPLEXING 



Many systems used for transmitting signals provide more bandwidth than is required for 
any one signal. For example, a typical microwave link has a total bandwidth of several 
gigahertz, which is considerably greater than the bandwidth required for one voice chan- 
nel. If the individual voice signals, which are overlapping in frequency have their fre- 
quency content shifted by means of sinusoidal amplitude modulation so that the spectra 
of the modulated signals no longer overlap, they can be transmitted simultaneously oveT a 
single wideband channel. The resulting concept is referred to as frequency-division multi- 
plexing (FDM), Frequency -division multiplexing using a sinusoidal carrier is illustrated in 
Figure 8.15, The individual signals to be transmitted are assumed to be band limited and 
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Figure B. 1 5 Frequency division 
multiplexing using sinusoidal amplitude 
modulation. 
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are modulated with different earner frequencies. The modulated signals sre then summed 
and transmitted simultaneously ovcrthe same communication channel. The spectra of the 
individual suhchannels and the composite multiplexed signal iire illustrated in Figure 8.1 6. 
Through this multiplexing process, (he individual input signals arc allocated distinct seg- 
ments of the frequency band. To recover the Individual channels in the demultiplexing 
process requires two basic steps: bandpass filtering io extract the modulated signal corre- 
sponding to a specific channel, followed by demodulation to recover the original signal. 
This is iUust.ra.ted in Figure &.17 io recover channel a, where, for. purposes of illustration, 
synchronous demodulation is assumed. 
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Figure 3.17 Demultiplexing and uenodula'.ion for a frecuency-d hrision multiplexed 
signal 



Telephone communication is one imr>«Tt ant application of frequency-division multi- 
plexing. Another is the transmission of signals through, the atmosphere in the RF band. 
In the United States, the use of radio frequencies for transmitting signals over the range 
JO kHz to 275 GHz is controlled hy the Federal Communications Commission, and 
different portions of the range are allocated for different purposes. The current allo- 
cation ot frequencies is 1 shown in Figure 8.18. As indicated, the frequency range in 
the neighborhood of I MHz is assigned to the AM broadcast band, where AM refers 
specifically to the use of sinusoidal amplitude modulation. Individual AM radic sta- 
tions are assigned specific frequencies within the AM band, and thus, many stations 
can broadcast simultaneously through this use of frequency-division multiplexing. In 
principle, at the receiver, an individual radio station can be selected by demultiplex- 
ing and demodulating, as illustrated in Figure &.17. The tuning dial on the receiver 
would then control both the center frequency of the bandpass filter and ihe frequency of 
the demodulating oscillator. Jn fact, for public broadcasting, asynchronous modulation 
and demodulation are used to simplify the receiver and reduce its col Furthermore, 
the demultiplexing in Figure 8.17 requires a sharp cutoff bandpass filter wiih variable 
center frequency. Variable frequency -selective filters are difficult to implement, and 
consequently a fixed tiller is implemented instead, and an intermediate stage of mod- 
ulation and filtering [referred to in a radio receiver as the intermediate -freqat'nf\ (IF) 
stage] is used. The use of modulation to slide the spectrum of the signal past a fixed 
bandpass filter replaces the use of a variable hardpass filter in a manner similar to the 
procedure discussed in Section 4.5.1. This basic procedure is incorpo rated into typical 
home AM radif> receivers. Some of tbe more detailed issues involved are considered in 
Problem 8.36. 

As illustrated in Figure K 16, in the frequent y-di vis ion multiplexing system of fig- 
ure 8.15 the spectrum of each individual signal is replicated at both positive and negative 
frequencies, and thus the modulated signal occupies twice the bandwidth of the original. 
This represents an inefficient use of bandwidth. In the next section we consider an al- 
ternative form of sinusoidal amplitude modulation, which leads m more efficient use of 
bandwidth at the cost of a more complicated modulation system. 
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S,4 SINGLE-SIDEBAND SINUSOIDAL AMPLITUDE MODULATION 



For the sinusoidal amplitude modulation systems discussed in Section 8:1, the total 
bandwidth of the original signal x\t) is 2tti M , including both positive and negative 
frequencies, where w M is the highest frequency present in x(t). With the use of a 
complex exponential carrier, the spectrum is translated to w and the total width of 
the frequency band over which there is energy from the signal is still 2io Mm although the 
modulated signal is now complex. With a sinusoidal carrier, on the other hand, the spec- 
trum of ihe signaJ is shifted to +&j f and -w r , and thus, twice the bandwidth is required. 
This suggests that there is a basic redundancy in the modulated signal with a sinusoidal 
carrier. Using a technique referred to as sirtgle-stdeband modulation, we can remove the 
redundancy. 

The spectrum of x(t) is illustrated in Figure 8.19(a), in which we have shaded the 
positive and negative frequency components differently to distinguish them. The spectrum 
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in Figure S, 19(h) results from modulation with a sinusoidal carrier, where we identify an 
upper and lower sideband for the portion of the spectrum centered at +tu t and that centered 
at -o} { . Comparing Figures 8.19(a) and (b), we see that X(jht) can be recovered if only 
the uppor sidebands at positive and negative frequencies are retained, or alternatively, if 
only the lower sidebands at positive and negative frequencies are retained. The resulting 
spectrum if only the upper sidebands are retained is shown in Figure 8.19(c), and the 
resulting spectrum if only the lower sidebands are retained is shown in Figure 8.19(d). 
The conversion of jx(t) to the fonn corresponding to Figure 8.19(c) or (d) is referred to as 
single-sideband modulation (SSB), in contrast to ihe double -sideband modulation (1>SB) 
of Figure 8. 1 9(b) t in which both sidebands arc retained 

There are several methods by which the single-sideband signal can be obtained. 
One is to apply a sharp cutoff bandpass or highpass filter to the double- sideband signal of 
Figure 8.19(b), as illustrated in Figure 8-20, to remove the unwanted sideband. Another 
is to use a procedure that utilize* phase shifting. Figure 8.21 depicts a system designed 
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to retaiii the lower sidebands. The system H{jw) in the figure is referred to as a "90* 
phase-shift network," for which the frequency response is of the form 



H(/«) = 



J- 



bt > 



<8.20> 



The spectra of x(t) f yt(r) = xU)£&swJ, yz(f) = ^(fjsin&^f, and y(t) are illustrated in 
Figure S.22. As is exarturfed in Problem 8.28, to retain the upper sidebands instead of the 
lower sideband^ the phase characteristic of H{ja)) is reversed so- that 



rji - ^ \ J, W > 



(8.21) 



As is explored in Problem $.29 a synchronous demodulation of single- sideband systems can 
be accomplished in a manner identical to synchronous demodulation of double-sideband 
systems. The price paid for the increased efficiency of single-sideband systems is added 
complexity in the modulator. 



600 



Co n m u n pcation Systems Chap . 8 



COS to^-t 



yi(:) 




*- y.D 



v=W 



sirnoJ 



1 



< Ktita*) 



Figure 8.21 System for single-sideband amplitude modulation, using a 9C 1 
phase-shift network, in which only the lower sidebands ar& retained. 



In summary, in Sections 3.1 through 8.4 we have seen a number of variation* of 
complex exponential and sinusoidal amplitude modulation. With asynchronous demod- 
ulation, discussed in Section 8 2.2, a constant rnust be added to the modulating signal 
so that il is positive This results in the presence of the carrier signal as a component in 
the modulated output, requiring more power for transmission, but resulting in a simpler 
demedulator than is required in a synchronous system. Alternatively, nnly the upper or 
lower sidebands in the modulated output may be retained, which makes more efficient use 
of bandwidth and transmitter power, but requires a more sophisticated modulator. Sinu- 
soidal amplitude modulation with both sidebands and the presence of a carrier is typically 
abbreviated as AM-DSB/WC (amplitude modulation, double sideband/with carrier) and, 
when the carrier is suppressed or absent, as AM-DSB/SC (amplitude modulation, double- 
sideband/suppressed carrier). The corresponding -iingle-sidehand systems are abbreviated 
AM-SSB/WC and AM^SSB/SC. 

Sections 8.1 through 8.4 aie intended to provide an introduction to many of the basic 
concepts associated with sinusoidal amplitude modulation. There are many variations in 
details and implementation, and the reader is referred to the bibliography for an indication 
of the numerous excellent books that explore this topic further. 
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S.S AMPLITUDE MODULATION WITH A PULSE-TRAIN CARRJEfl 



8.5.1 Modulation of a Pulse-Train Carrier 

In previous sections, we examined amplitude modulation with a sinusoidal earner. Another 
important class of amplitude modulation techniques corresponds to the use of a carrier 
signal thai is a pulse train, as illustrated in Figure 8-23; amplitude modulation of this type 
effectively corresponds to transmitting equdly spaced time slices of x(t\. In general we 
would mrt expect that an arbitrary signal could be recovered from such a set of tune slices. 
However, our examination f »f the concept of sampling in Chapter 7 suggest* that this should 
be possible if .iff) is band limited and the pulse repetition frequency is high enough. 
From Figure 8.23, 



ytt) = *(*)£■{/); 



(£-22) 



Le . . lh e modul ated Si gnal yU ) i s tlie prod uct of a ( t) an d the earner c(t ) . Wi I h Y( jt# ), X{ jut ) , 
and C(jw) representing the Courier transforms of each of these signals, it follows from 
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the multiplication property that 



y{jt») « j^K{jw)*C{jti>). 



(&23» 



Since r(f} is periodic with period 7*, C{ja)) consists of imputes in frequency spaced by 
2ir/T; that is, 



C(joj) ~ 2ir ^ rtifi(oi - £tu,X 



(8.241 



JL = -. 



where ii> t - 2-rr/r and The coefficients n ft are the Fourier series cf>effkienls of fit), which, 
from Example 3.5, are 



a k - 



sinCAw, A/2) 

irk 



(8.25) 
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The spectrum of r(r) is shown in Figure 8.24(b). With the spectrum of *(r) as illustrated 
in Figure 8.24(a), the resulting spectrum of the modulated signal y{i) is shown in Fig- 
ure S,24(c)- From eqs. (8.23) and (S.24), Y{jw) is a sum of scaled and shifted rep]it:a% ot 
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Figure 8,24 Spectra associated with amplitjde modulation of a pulse train 
(a) spectrum of a handlimited -signal x{t}; (b) spectrum of the pulse earner 
signal c(f) in Figure B.23; (c) spectrum of the modulated pulse trail v{t). 
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Comparing cq. (8,26) with eq. (7.6) and Figure 3,24 with Figure 7.3(c), wc see thai 
the spectrum of y(J) is very similar in form to The spectrum resulting from sampling with 
aperiodic impulse brain, the only difference being the values oi the Fourier coefficients 
of the pulse train. For the periodic impulse tram used in Chapter 7. all of the Fourier 
coefficients ate equal to 1/7* in value, while for the pulse train c{f) in Figure 8.23, the 
Fourier coefficients are given by eq. (8,25). Consequently, the replicas i>f X( jcj) do net 
overlap as long as cu £ > 2a*Af , which corresponds to the condition of the Nyquist sampling 
theorem. If this constraint is satisfied* then* as with impulse-train sampling. ,*(/) can be 
recovered from y{t) through the use of a bwpass filter with cutoff frequency greater than 
&M and less than tn t — &M. 

Note trial the same conclusion holds for a wide variety of other pulselike carrier 
waveforms: If c(i) is any periodic signal with Fourier transform as in eq. (8.24) for some 
set of Fourier coefficients cf<, then Y(jm) is given by eq, (8-26), Then h as long as tu ( = 
2ir/7 n > 2ww,Thc replicas of X(jat) do not overlap, allowing us to recover jr(Oby lowpass 
filtering, provided that the DC Fourier coefficient a$ is nonzero. As shown in Problem 
8,11, if Go is zero or unacceptably a mall, then, by using a bandpass filter to select one of 
the shifted replicas of X(jw} with a larger value of a k , we obtain a sinusoidal AM signal 
with a scaled version of x(t) as the modulating signal. Using the demodulation methods 
described in Section 8,2, we can then recover jr(/>. 

8,5.2 Time-Division Multiplexing 

Amplitude modulation with a pulse-train carrier is often used to transmit several signals 
over a single channel. As indicated in Figure 8.23, the modulated output signal v{t) h 
nonzero only when the carrier signal c(l) is on (i.e., is nonzero). During the intervals in 
which l(0 is off, other similarly modulated signals can be transmitted. T\vo cquivalcnl 
representations ol this process are shown in Figure S.25. In this technique for transmitting 
several signals ovet a single channel, each signal is in effect assigned a set of time slots 
of duration A that repeat every T seconds and that do not overlap with the slots assigned 
to other signals. The smaller the ratio A/7* the larger the number of signals that taxi be 
transmitted over the channel. This procedure is referred to as time division multiplexing 
(TDM). Whereas frequency-division multiplexing, as discussed in Section 8,3, assigns 
different frequency intervals to individual signals, time-division multiplexing assigns dif- 
ferent time intervals to individual signals. Demultiplexing the individual signals from the 
composite signal in Figure 8. 25 is accomplished by time gating, to select the particular 
lime shits asst>ciated with each individual signal. 



8.6 PULSE-AMPLITUDE MODULATION 



8,6.1 Pulse-Amplitude Modulated Signals 

In Section S.5 we described a modulation system in which a continuous-lime signal x\i) 
modulates a periodic pulse- train, corresponding to transmitting time slices of 40 of dura- 
tion Asecondscvery /"seconds. As we saw both in that discussion and inour investigation 
of sampling in Chapter 7, our ability to recover xu) from these time slices depends not on 
their duration A, but rather on their frequency 2t7/7, which must exceed the Nyquist rate 
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in order to ensure an alias-free reconstruction of x(t). That is^ in principle, we need only 
transmit the samples x{nT) \if the signal x{t). 

In fact, in modern communication systems, sampled values of the information- 
bearing signal x[r), rather than time slices are more typically transmitted. For practical 
reasons, there aie limitations on the maximum amplitude that can be transmitted over 
a communication channel, so that transmitting impulse- sampled versions of x[t) is not 
practical. Instead, the samples xtrtT) arc used to modulate the amplitude of a sequence of 
pulses, resulting in what is referred to as a putee-ampUmde modulation (PA.M) system. 
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The use of rectangular pulses corresponds to a sample- and-hold strategy in which 
puUesof duration i and amplitude proportional to the instantaneous sample values of .v(, r } 
are transmitted. The resulting waveform for a single PAM channel of this type is illus- 
trated in Figure 8,26. In the figure, the dotted curve represents the signal x(0. As with 
the modulation scheme in. Section 8,5, PAM signals can be time muUipteKed.This is illus- 
trated in Figure 8.27, which depicts the transmitted waveform with three time- multiplexed 
channels. The pulses associated with each channel are distinguished by shading, as weJl 
as by the channel numher above each pul*e. For a given pulse-repetition period T, as the 
pube v/idth decreases, more time-multiplexed channels can be transmitted over the same 
communication channel or medium. However, ss the pulse width decreases, ]l is typically 
necessary to increase the amplitude of the transmitted pulses so that a reasonable amount 
of energy is transmitted in each pulse. 

In addition to energy considerations, a number of other issues must be addressed 
in designing a PAM signal In particular, as l&ng as the sampling frequency exceeds the 
Nyquist rateH we know that *(r) can be reconstructed exactly from its samples, and enn- 
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Figure a.26 Transmitted waveform 1q< a single P&M chamvel. Ths doited 
curve represents the signal jc(r). 
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F\gurs 6.27 Transmitted waveform with three time-murtiptexed PAM channels. The 
pulses associated with each channel are distinguished by shading, as welf as by the 
channel number above each pulse. Here, the intersymbol spacing is 7i = 773. 
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sequently we can use these samples to modulate the amplitude of a sequence of pulses of 
any ihape. The choice of pulse shape is dictated by considerations such as the frequency 
selectivity of the communication medium being used and the problem of intersymbol in- 
terference, which we discuss next. 

8,6,2 Intersymbol Interference in PAM Systems 

In the TDM pulse-amplitude modulation system just described, the receiver cart, in prin- 
ciple, separate the channels by sampling the time- multiplexed waveform at appropriate 
times. For example, consider the time-multiplexed signal in Figure, 8,27, which consists 
of pulse-amplitude-itirtdulated versions of three signals X] (t) t jrz(f), and *:■,{!), If we sam- 
ple y{t) at appropriate times, corresponding, for example, to the midpoints of each pulse, 
we can separate the samples of the three signals. That is, 

y(t) = Ax&X t = 7,,^ ±37 , |,r, ±6Ti (8.2?) 

y(t) = Ax)(i\ t = 27V 2Z, ± 37", . T Y ±6Ti 

where T\ is the intercymboL spacing, here equal to 773, and where A is the appropriate 
proportionality constant. In other words, samples of x-\{t), x^it), and xi(t) can be obtained 
by appropriate sampling of the received time-multiplexed PAM signal. 

The strategy indicated in the preceding paragraph assumes that the transmitted 
pulses remain distinci as they propagate over the communication channel. In transmis- 
sion through any realistic channel, however, the pulses can be expected to be distorted 
through effects such as additive noise and filtering. Additive noise in the channel will, 
of course, introduce amplitude errors at the sampling times. Filtering due to the nonideal 
frequency response of a channel causes a smearing of the individual pulses that can cause 
the received pulses to overlap in time. This interference is illustrated in Figure 8.28 and 
is referred to as intersymbol interference. 
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Figure 8.28 Intersymbol interference. 
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The smearing over time of the idealized poises in Figure 8.27 can result from the 
bandwidth constraints of the channel or from phase dispersion caused by nonconstant 
group de*ay T as was discussed in Section 6.2.2. (See in particular, Example 6,1.) If the 
intersymbcrt interference is due only to the limited bandwidth of the channel, an approach 
is to use a pulse shape p(t) that is itself band limited and therefore not affected (or only 
minimally affected) by the restricted bandwidth of the channel. In particular, if the chan- 
nel has a frequency response H(jto) (hat has no distortion over a specified Frequency band 
(e.g., if H(jto) = I for |cu| < W), then if the pulse that is used is band limited u\e., if 
P[jt*>) — for \&}\ ^ W), each PAM signal will be received without distortion. On the 
other hand, by using such a pulse, we no longer have pulses without overlap as in Fig- 
ure 8.27, Nevertheless, intersymbol interference can be avoided in the time domain, even 
with a band-limited pulse, if the pulse shape is constrained to have zero-crossings at the 
other sampling times [so that eq. (8.27) continues to hold]. For example, consider the sine 
pulse 

T\ sin(Trr/ri) 

m = — ^— 

and its corresponding spectrum displayed in Figure 8.29. Since the pulse is zero al integer 
multiples of the symbol spacing T\ , as indicated in Figure 8.30, there will be no intersym- 
bol interference at these instants. That is, if we sample the received signal at / = kT\, then 
the contributions to this sampled value from all of the other pulses, i.e., from p{t - mT\ \ 
for mj^ k, will be identically zero. Of course, avoiding interference from adjacent symbols 





Figure 8.29 A sine pulse and its corresponding spectrum. 
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Figure e,30 Absence of irctersymbol interference when $rrc pulses with 
correctly chosen zero-crossings are used. 

requires high accuracy in the sampling times, so that sampling occurs at the zero-crossings 
of the adjacent symbols. 

The sine pulse is only ojie of many band-limked pulses with time-domain zero- 
crossings at ±T|, ±2Ti, etc. More generally, consider a pulse p(t) with spectrum of the 
form 



P{jw) = { 



M = 77 , 



t* 



\fn =£ 



1 +P|(», 
P\<ja>) t 

0. otherwise 

and with Pdjati having odd symmetry around ir/Fi , su that 

r ' (~' w + j T\ ) = ~ Pt {** H j T [ ° - w ~ 



(8.28) 



77 



(8.29) 



as illustrated in Figure 8.3 1, If Piijto) = 0, p{t) is the sine pulse itself. More generally, 
as explored in Problem 8.42, for any P(jm) satisfying the conditions in eqs. (8 28) and 

(8,29) t p(t) will have rero-crossing at ±T U ±27'], 

While signals satisfying eqs. (8.28) and (8.29) allow us to overcome the problem 
of limited channel bandwidth, other channel distortions may occur that require a differ- 
ent choice of pulse waveform or some additional processing of the received signal prior 
to the separation of the different TDM signals. In particular, if \H(Jw}\ is not constant 
over the passband, there may be a need to perform ctianneJ equalization — i.e., filtering of 
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the received signal to correct for the nonconstant channel gain. Also, if the channel has 
npnltitear phase, distortion can result that leads to intersymbol interference, unless com 
pensating signal processing is performed. Problems 8,43 and 8.44 provide illustrations of 
these effects. 



8.6.3 Digital Pulse-Amplitude and Pulse^Code Modulation 

The PAM system described in The preceding subsections involves the use of a discrete set 
of samples to modulate a sequence of pulses. This set of samples can be thought of as a 
discrete-time signal jt[h], and in many applications x\n] is in fact stored in or generated by 
a digital system. In such cases, the limited word length of a digital system implies that x[n\ 
can take on only a finite, quantized set of values, resulting in only a finite set of possible 
amplitudes for the modulated pulses. 

In fact, in many cases this quantized form of digital PAM is reduced to a system 
using only a tew — typically, only two — amplitude values. In particular, if each sample of 
x[n] is represented as a binary number (i.e., a finite string of O's and 1 \\ then a pulse 
with one of two possible values (one value corresponding to a and one value to a I ) can 
be set for each binary digit, or Air, in the string. More generally, in order to protect against 
transmission errors or provide secure communication, the sequence of binary digits rep- 
resenting jf[n] might first be transformed or encoded into another sequence of Os and I % s 
before transmission. For example, a very simple error detection mechanism is to transmit 
one additional modulated pulse for each sample of x[n\+ representing a parity check. That 
is, this additional bit would be set to 1 if the binary representation of x[ji\ has an odd num- 
ber of Is in it and to if there is an even number of 1 h s. The receiver can then check the 
received parity bit against the other received bits in order to detect inconsistencies. More 
complex coding and error correction schemes can certainly be employed, and the design 
of codes with particular desirable properties is an important component of communication 
system design. For obvious reasons, a PAM system modulated by an encoded sequence of 
T s and I 's is referred to as a. pulse-cade modulation (PCM) system. 
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8.7 SINUSOIDAL FREQUENCY MODULATION 

In the preceding sections, we discussed a number of specific amplitude modulation sys- 
tems in which the modulating signal was used lo vary the amplitude of a sinusoidal or 
a pulse carrier. As we have seen, such systems are amenable to detailed analysis using 
the frequency domain techniques we developed in preceding chapters In another very 
important class of modulation techniques referred to as frequency modulation {FM}, the 
modulating signal Is used to control the frequency of a sinusoidal carrier. Modulation sys- 
tems of this type have a number of advantages over amplitude modulation systems. As 
suggested by Figure 8.10, with sinusoidal amplitude modulation the peak amplitude of 
the envelope of the carrier is directly dependent on the amplitude of the modulating signal 
x{i) r which can have a large dynamic range — i.e., can vary significantly. With frequency 
modulation, the envelope of the carrier is constant. Consequently, an FM transmitter can 
always operate at peak power. In addition, in FM systems, amplitude variations introduced 
over a transmission channel due to additive disturbances or fading can T to a large extent, 
be eliminated at the receiver. For this reason, in public broadcasting and a variety of other 
contexts 1 FM reception is typically better than AM reception. On the other hand, as we 
will see, frequency modulation generally requires greater bandwidth than does sinusoidal 
amplitude modulation. 

Frequency modulation systems are highly nonlinear and, consequently, are not as 
straightforward to analyze as are the amplitude modulation systems discussed in the pre- 
ceding sections. However, the methods we have developed in earlier chapters do allow us 
tu gain wme understanding of the nature and operation of these systems. 

We begin by introducing the general notion of angle modulation. Consider a sinu- 
soidal carrier expressed in the form 

c(t) = >1tos(*m + 0<) = -4 cos 0(f), (8.30) 

where Q{t) = toj + G f and where gj^. is the frequency and0 r the phase of the carrier. Angle 
modulation, in general, corresponds to using the modulating signal to change or vary the 
angle 6(1). One form that this sometimes takes is to use the modulating signal x(t) to vary 
the phase 0, so that the modulated signal takes the form 

ytr) = A cos[w £ t + d t (01 (8.3 1 ) 

where ( is now a function of time, specifically of the iorm 

9M = e^ + kpxiil (8 32) 

If t{t) is, for example t constant, the phase of y(f) will be constant and proportional to 
the amplitude of *(;). Angle modulation of the form of eq. (8.31) is referred to as phase 
modulation. Another form of angle modulation corresponds to varying the derivative of 
the angle proportionally with the modulating signal; that is, 

y(r) = Acosdit), (8.33) 

where 

—±- = « L + kfxUl (8.34) 

at 
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For x(t) constant, v{0 is sinusoidal with a frequency that is offset from the carrier fre- 
quency ii>, by an amount proportional to the amplitude of x(t). For that reason, angk 
modulation of the form of eqs. (833) and (8.34) is commonly referred to as frequency 
modulation. 

Although phase modulation and frequency modulation are different forms of angle 
modulation, they can be easily related. From eqs. (831) and (8. 32) t for phase modulation. 



deu) drtO 



(8.35) 





xfl) 




Figure e.32 Phase modulation, frequency in emulation, aid their relationship (a) 

phase rnodufation wth a ramp as the madulatng signal; (b) frequency modulation with 
a ramp as the modulating signal; (c) frequency modulation with a step [the derivative of 
a ramp) as the modulating signal. 
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and thus, comparing eqs. (8.34) and (8.35) T we see that phase modulating wiih x{t) is iden- 
tical to frequency modulating with the derivative of x(t). Likewise, frequency modulating 
with x(t) U identical to phase modulating with the integral of x{r). An illustration of phase 
modulation and frequency modulation is shown in Figures 8.32(a) and (bh In both cases, 
the modulating signal is jc{t) = tu(t} (i.e., a ramp signal increasing linearly with lime 
for t > 0). In Figure K.32<c}, an example of frequency modulation is shown with a step 
{the derivative of a ramp) as the modulating signal [i.e., x{t) - h(03- The correspondence 
between Figures 8, 32(a) and (c) should be evident. 

Frequency modulation with a step corresponds to the frequency of the sinusoidal 
carrier changing instantaneously from one value to another when x{f) changes value air — 
0, much as the frequency of a sinusoidal oscillator changes when the frequency setting is 
switched instantaneously. When the frequency modulation is a ramp, as in Figure 832(b), 
the frequency changes linearly with time. This notion of a time- varying frequency is often 
best expressed in terms of the concept of insmnmneoux frequency. For 

y{i) - .4cos0(r), (8.36) 

the instantaneous frequency of the sinusoid is defined as 

».<r) = ^. (8-17) 

Thus, for y(t) truly sinusoidal [i.e., 0(r) = {<oj + O )] + *e instantaneous frequency is 
w< , as we would expect. For phase modulation as expressed in eqs, (8,31)and (8.32), the 
instantaneous frequency is u ( + k p {dx\t)fdi\ and for frequency modulation as expressed 
in eqs. <8.33) and (8,34), the instantaneous frequency is w t + Jt/Jt(/). 

Since frequency modulation and phase modulation are easily related 1 we will phrase 
the kmaining discussion in terms of frequency modulation alone. To gain some insight 
into how the spectrum of the frequency-modulated signal is affected by the modulating 
signal x{t\ it is useful to consider two cases in which the modulating signal is sufficiently 
simple so that some of the essential properties of frequency modulation become evident. 



8.7.1 Narrowband Frequency Modulation 

Consider the case of frequency modulation with 

x{t) = Acqs to m t. (8.38) 

From eqs. (8.34) and (8.37), the instantaneous frequency is 

*>,it) = ta f + k f Awsu>„ t { t (839) 

which varies smusoidally between w ( . + k f A and w f - h/A, With 

Aw *= k/A, 
we have 
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and 

y{t} = cos[w r f + x{t)dt] 



(8.4fl> 
= cos 4><7 + suiti^r + tfti I- 



where fl t! is a constant of integration. For convenience we will choose V - 0, so rhat 



>(0 = cos 



Aw . 
Wj-f + — - sin w m / 



(8,4] j 



The factor Aai/&j m , which we denote by m, is defined as the modulation index for 
frequency modulation.. The properties of FM systems tend to be different, depending on 
whether the modulation index m is small or large. The ca.se in which m is small is referred 
to as narrowband FM. In general, we can rewrite eq. (8.41) as 

vtf) *= cos(u ( l + msinw^t) (8.42) 

or 

v(0 - cos^,fcos(m!iiii£Lj m r) — sin« t f sin(m sin^rfrO (8-43) 

When m is sufficiently small (-^ ir/2) t we can make the approximations 

cujKm&intomO *» 1, ;8 r 44) 

sin{m sin w ffl /) = ma\nto m t t (8.45) 

so that eq, (£.42) becomes 

j?(f) — cos.m t j - m(sin&j, n fKshHc\0 (S.46) 

The spectrum of y(t) based on this approximation is shown in Figure 8.33. We note 
that it has a similarity to AM-DSB/WC in that the carrier frequency is present in the 
spectrum and there are sidebands representing the spectrum of the modulating signal in 
eq. (8.38). However, in AM-DSB/WC the additional carrier injected is in phase with the 
modulated carrier, whereas, as we see in eq, (8.46) for the case of the narrowband FM h 
the carrier signal has a phase difference of tt72 in relation to the amplitude-modulated 
carrier. The waveforms corresponding to AM-DSB/WC and FM are also very different. 
Figure 834(a) illustrates the narrowband FM waveform corresponding to eq. (8.46). For 
comparison. Figure S,34(h) shows the AM-DSB/WC signal 

>2(0 - CGSiiJt-/ + rrtycoicd^icoAcDj). (8.47) 

For the narrowband FM signal of eq. (8.46), the bandwidth of the sidebands is equal 
to the bandwidth of the modulating signal, and in particular, although the approximation 
in the equation is bused on assuming that m ^ ir/2, the bandwidth of the sidebands is 
otherwise independent of the modulation index m (i.e., it depends only on the bandwidth 
of the modulating signal, not on its amplitude). A similar statement applies for narrowband 
FM with a more general modulating signal. 
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Figure 8 + J3 Approximate spectrum 

for narrowband FM. 




(a) 




Figure 8,34 Comparison of 

narrowband FM and AM-D5B/WC; 
(a) narrowband FM; (b) AM-DSBMC. 



S.7.2 Wideband Frequency Modulation 

When m is large, the approximation leading to cq. (8.46) no longer applies, and the spec- 
trum of y{t) depends on both the amplitude and the spectrum of the modulating signal 
x(t) With v(0 expressed in the iorm of eq. <8_43), we note that the terms cosOsin^j 1 ] 
and sin[*nsin tit m l] are periodic signals with fundament^ frequency o> m . Thus, the Fourier 
transform of each of these signals is an impulse train with impulses at integer multiples 
of tdrn and amptitudeii proportional to the Fourier series coefficients. The coefficients for 
these two periodic signals involve a class of functions referred to as Bessel functions of 
the first kind. The first term in eq. (8.43) corresponds to a sinusoidal carrier oF the form 
cosier amplitude modulated by the periodic signal cns[msiiiAi n ^| and the seamd term 
to a sinusoidal carriei sin g\ t amplitude modulated by the periodic signal sin[ m sin ta„,i'] . 
Multiplication by the carrier signals has the effect in the frequency domain of translating 
the .spectrum of cq. (8.43) ti> the earner frequency, so that it is centered at plus and minus 
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o), . In Figures 835(a) and {b> we illustrate, for <c> > O t the the magnitude of the spectra of 
the two individual terms in eq. (8.43), and in Figure 835(c) the magnitude of the combined 
spectrum re presenting the modulated signal y(t). The spectrum of y(t) consists of impulses 
at frequencies ±u* t + nw rt n fl = 0, ±1, ±2, . . ., and is not, strictly speaking, band limited 
around nfrj,.. However, the behavior of the Fourier series coefficients of cos[nTsin&>rt,/] 
and sm[m sin oi m l] are such that the amplitude of the nth harmonic for |n| > m can be 
considered negligible, and thus, the total bandwidth B of each sideband centered around 
+w f and —ait is effectively limited to 2m^ m , That is. 



B — 2m(A>,, f . 



(848) 



or, since m = kjAf<o m — Atu/w P 



B = 2k,A - 2Aa>. 



(8.49) 



Comparing eqs. (839) and (8.49), w e note that the effective bandwidth of each 
sideband is equal to the total excursion of the instantaneous frequency around the carrier 
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Figure 8.35 Magnitude of spec- 
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frequency. Therefore, for wideband FM, since we assume that rtt is large, the bandwidth 
of the modulated signal is much larger than the bandwidth of the modulating signal, and 
m contract to the narrowband case^tbe bandwidth of the transmitted signal in wideband 
FM is directly proportional to amplitude A of the modulating signal and the gain factor k f . 



8.7.3 Periodic Square Wave Modulating Signal 

Another example that lends insight into the properties of frequency modulation is that of a 
modulating signal which is aperiodic square wave. Referring to eq r (8.39) s let kj = 1 so 
that Aw = A and let x{t) begivtnby Figure 8.36. The modulated signal y{t) is illustrated 
in Figured. 37. The instantaneous frequency isw t +■ Aiii whcnjr(f> is positive and tu H Adi 
when x(t) is negative. Thus, y(t) can also be written as 



7 M 
yU) = r(f)cosl(tj L +■ iw)/l ± r\r — |cos[<^[ - iw)f], 



(8.50) 




Figure 8,36 Symmetric penodfc square wave- 




Figure H.37 Frequency modulation 

with a periodic square-wave modulat- 
ing signal 
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where rit) is the symmetric square wave shown in Figure 8.38. Thus, for this particular 
modulating signal, we are able to recast Xht problem of determining the spectrum of the 
FM signal >(f)as the determination of the spectrum of the sum of the two AM signals in 
eq.(8.50). Specifically 

+ ~[^r(j w + j** t . - JA(o) + Rr(ja> ~ jta, + jAw)], (8.51) 



where R(Jt&) is the Fourier transform of the periodic square wave rit) in Figure 8.38 and 
Rt(Jw) is the Fourier transform of r(* — 772). From Example 4.6, with T = 47'| , 

R( ^J= E 2lTT' : " 1) ' a f &l " 27r<2 r +1) 1 + ,rg( " ) (852) 

E- — _ -r. L J 



*=-* 



and 



/fr(jw) = «(»^" ;wr/2 . 



(8.53) 



The magnitude of the spectrum of K(/tu) is illustrated in Figure 8.39. As with wideband 
FM, the spectrum has the general appearance of two sidebands, centered around w f ± Aa>, 
that decay for w < &>< — Au> and w > w t + Ao> , 
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Figure 8.38 Symmetric square wave r(f) in eq (8 50). 
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Figure 8,39 Magnitude of the spectrum for cu > corresponding to fre- 
quency modulation with a periodic square-wave modulating signal. Each of the 
vertical lines in the figure represents an impulse of area proportional to the 
height of the line. 
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Systems for the demodulation of FM signals typically are of two types. One type of 
demodulation system corresponds to concerting the FM signal to an AM signal through 
differentiation, while demodulation systems of the second type directly track the phase or 
frequency of the modulated signal. The foregoing discussion provides only a hiief intro- 
duction to the characteristics of frequency modulation, and we have again seen how the 
basic techniques developed in Lhe earlier chapters can be exploited to analyze and gain an 
insight into an important class of systems. 



8.8 DISCRETE-TIME MODULATION 



8.8. 1 Discrete-Time Sinusoidal Amplitude Modulation 

A discrete- time amplitude modulation system is depicted in Figure 8.40, in which t [n] 
is the carrier and x[n] the modulating signal. The basis for our analysis of continuous- 
time amplitude modulation was the multiplication property for Fonner transforms— 
specifically, lhe fact that multiplication in the time domain corresponds to convolution in 
the frequency domain. As we discussed in Section S.5 y there is a corresponding property 
for discrete time signals which we can use to analyze discreie-time amplitude modulation. 
Specifically^ consider 

yin] = x[n]c[n]. 

With #(<>'"), Y{e }t »\ and C(W U ) denoting the Fourier transforms of *[n] T ji>], and c-[nJ T 
respectively, Y(,e^ J ) is proportional to the periodic convolution of X(e^) and C{e-> K )\ thai 
is h 

Since X{e^)m\d CO-'™) are periodic with a period of 2-tt, the integration can be performed 
over any frequency interval of length 2tt. 

Let us first consider sinusoidal amplitude modulation with a complex exponential 
carrier so that 

c[n] = *'"■". (8,55) 

As we saw in Section 5.2, the Fourier transform of c[n\ is a periodic impulse train; that is, 

C(e^) = ^ 2ttS(up - & c + k2vX (8.56 1 




x i n i i_ H? V- » idnl Figure ft.40 Discrerte-ttme anpli- 

tude modulation 
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which is sketched in Figure 8,41 £>), With X{e jai ) as illustrated in Figure 3.41(a), the spec- 
trum of the modulated signal is that shown in Figure 841(c). In particular, we note that 
Y(e JtIi ) = X{e* i * , ~ ta * ] ). This is the discrete-time counterpart to Figure 8.1 b and here again, 
with x[n] real, the modulated signal will be complex. Demodulation is accomplished by 
multiplying by e~J™<" m translate the spectrum back to its original location on the fre- 
quency axis, so that 



x\n] = y\n}e 



->j, tt 



($,51) 



As explored in Problem 6,43, if w r = 7rsothatc[n] *= (- 1)", the result of modula- 
tion in the time domain is lo change the algebraic sign of x[n] for odd values of n, while in 
the frequency domain the consequence is the interchanging of high and tow frequencies. 
Problem 6.44 explores the use of this type of modulation in utilizing a lowpass filter to 
achieve highpass filtering and vice versa. 

As an alternative to a complex exponential carrier, we can use a sinusoidal carrier, 
in which case, with x[n] real, the modulated signal y[tt] will also be real. With r[n] ™ 
cos iu t -rt, the spectrum of the carrier consists of periodically repeated pairs of impulses at 






-£t 



-w*n 



2lT 



-2-tt -2-nim c 





(a) 



ot u 



2^i 



?ir 



2m 







2ii 2Ti+to r 





- 2tt 2TT + &X. 






Figure 8.41 (a) Spectrum of x[n]\ (b) spectrum of c[ft] = e >u *"\ (c) spec- 
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<*> ~ ±<si c + k2ir T as. illustrated in Figure 8,42<t>y With X{e JW > as shown in Figure &,42(b}, 
the resulting spectrum for the modulated signal is shown in Figure8.42(cj and corresponds 
to replicating X(e^) at the frequencies tt> = iw t + fe27r, in order that the individual 
replications of X(e - ,at ) do not overlap, we require that 



and 



or, etjuivalently, 



to t > u)m 



Itt - w t - — IiiU > (f r ■+ w 



W t - <7T - ftJ^ r 



(8.58) 



m 



(8.59) 



The first condition is identical to that in Section 8,2 for continous-time sinusoidal ampli- 
tude moduJation, while the .second results from the inherent periodicity of discrete -time 



A 



X(e |w ) 




A 



-2tt 



(a) 



2ti 



oj 









CI eH 








TT 


t: 






■rc 


1T 


■7T 


J 
1 


J 


L 




1 



-2-TT -2Tr-*-eu. 



■**r 



p) 



^TT-W^ ZT 2TMw„ til 



Y(e'-) 



A A f A 



l2TT-U e -« M ) 




A 



-2-TT -?TT+Ci» f 



u). 






2TT-« r 



2tt 



{=) 



2-TT < tiV fci 



Figure 8.42 Spectra associated with discrete time modulation using a 
sinusoidal carrier; {i) spectrum of a bandlimitBd-stgnal x[fij; (b) spectrum of a 
sinusoidal carrier signal c[n] = cos^n; (c) spectrum of the modulated signal 
y[n] = x[n]c[n]. 



622 



Communication Systems Chap a 



spectra. Combining eus. (8.58) and (8^9) b we see that for amplitude modulation with a 
sinusoidal carrier, we must restrict w r so that 



idM < W r < IT — W.ij. 



(8.60) 



Demodulation can be accomplished in a manner similar to that employed in uin- 
tinuous tune. As illustrated in Figure K.43, multiplication of y[n] with the same carrier 
used in the modulater results in several replications of the spectrum of the original signal, 
one of which is centered about <o = 0. By lowpass filtering to eliminate the unwanted 
replications of X(e JM ), the demodulated signal is obtained. 

As should be evident from the foregoing discussion, analysis of discrete- time am- 
plitude modulation proceeds in a manner similar to that of continuous-Lime amplitude 
modulation, with only slight differences. For example, as explored in Problem 8,47, in 
the synchronous modulation and demodulation system, the effect of a phase difference or 
a frequency difference between the sinusoidal carriers in the modulator and demodulator 
is identical in both discrete and continuous lime. In addition, just as in continuous tunc, 
we can use discrete-time sinusoidal AMas the basis for frequency -division multiplexing in 
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discrete time. Furthermore, as explored in Problem 8.48. we tan alsa consider using 
a discrete -ti toe signal to modulate a pulse train, leading to time-division multiplexing 
of discrete-time signals. 

The implementation of discrete- time multiplexing systems provides an excellent ex- 
ample of the flexibility of discrete-time processing in general and the importance of the 
operation, of ups^mplmg (see Section 7.5,2) in particular. Consider a discrete-time FDM 
system with M sequences that we wish to frequency-di vision multiplex. With M channels, 
it is required that the spectral energy for each input channel x;[n\ he band limited^ that is, 

XAu) - a -^ < M < 7T r (8.61) 

If the sequences originally occupied the entire frequency band corresponding, for example, 
to having sampled a set of continuous-time signals at the Nyquistrate, then they would first 
have in be converted to a higher sampling rate (i.e., upsampied) before frequency- division 
multiplexing. This idea is explored further in Problem R.33. 

8.8.2 Discrete-Time Transmodulation 

One context in which discrete-time modulation is widely used, together with the oper- 
ations of decimation, upsampling, and interpolation introduced in Chapter 7, is digital 
communication systems. Typically, in such systems continuous -time signals arc trans- 
mitted over communication channels in the form of discrete-time signals, obtained by 
sampling. The continous-time signals are often in the form of time-division -multiplexed 
(TDM) or frequency-division -multiplexed (FDM) signals. The signals are then converted 
to discrete-time sequences whose values are represented digitally, for storage or long- 
distance transmission. In some systems, because of different constraints or requirements 
at the transitu tting end and the receiving end, or because sets of signals that have been in- 
dividually multiplexed by different methods are then multiplexed together, there is often 
the requirement for converting from sequences representing TDM signals to sequences 
representing FDM signals or vice versa. This conversion from one modulation or multi- 
plexing scheme to another is referred to as transmodulativn or transniultiplexing. In the 
context of digital communication systems, one obvious way of implementing transmulti- 
plexing is to convert back, to continuous -time signals, demultiplex and demodulate, and 
then modulate and multiplex as required. However, if the new signal is then to be con- 
verted back to a discrete-time signal, it is clearly more efficient for the entire process to 
be carried out directly in the discrete-time domain. Figure &.44 stiowsh in block diagram 
form, the steps involved in converting a discrete-time TDM signal to a discrete-time FDM 
signal. Note that, after demultiplexing the TDM signal, each channel must be upsampied 
in preparation for frequency-division multiplexing. 



8.9 SUMMARY 



In this chapter, we have examined a number of the basic concepts associated with com- 
munication systems. In particular, we have examined the concept of modulation, in which 
a &ignal we wish to communicate is used to modulate a second signal referred to as the 
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carrier, and we have looked in detail at the concept of amplitude modulation. The proper- 
ties of amplitude modulation are most easily interpreted in the frequency domain through 
the multiplication property of the Fourier transform. Amplitude modulation with a com- 
plex exponential or sinusoidal carrier is- typically used to shift the spectrum of a sig- 
nal in frequency and is applied, for example, in communication systems to place the 
spectrum in a frequency range suitable for transmission and to permit frequency -division 
multiplexing. Variations of sinusoidal amplitude modulation, such a.s the insertion of a 
carrier signal for asynchronous systems and single- and double-sideband systems, were 
discussed. 

We alsu examined several other fornix of modulation -based communication. 
In this regard, we briefly introduced the concepts of frequency and phase modula- 
tion. Although these forms of modulation are more difficult en analyze in detail, it 
is possible to gain significant insight into their characteristics through the frequency 
domain. 

We further examined in some detail amplitude modulation of a pulsed signal^ 
which led us to the concepts of time-division multiplexing and pulse-amplitude 
modulation, in which successive samples of a discrete-time signal are used to mod- 
ulate the amplitude of a sequence of pulses. This led in turn to an examination of 
discrete-time modulation and digital communication, in which the flexibility of discrete- 
time processing facilitates the design and implementation of more sophisticated 
cemmunication systems involving concepts such a*, pulse-code modulation and 
transmodulation. 



Chapter 8 Problems 



The first section of problems belongs to the basic category, and the answers are pro- 
vided in the back of the book. The remaining two sections contain problems belonging to 
the basic and advanced categories, respectively. 



BASIC PROBLEMS WITH ANSWERS 

ILL Let jc(t) be a signal for which X(j&) = when \ut\ > w w . Another signal v(0 is 
specified as having the Fourier transform Yijto) = 2X(j(to - w H )>. Determine a 
signal fft(i) such that 

x(t) = yit)m(T), 

8.2, Let x{t) be a real- valued signal for which X{jto} = Gwhen|w[> \,OQ0tt. Suppos- 
ing that y(t) = e JJ ^ f x(t), answer the following questions: 
{a) What constraint should be placed on tj L to ensure that .r(r) is recoverable Tronr 

(b) What coosbraint should be placed on w t to ensure that x(t) is recoverable from 
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8.3r Let x(t) be a real-valued signal for which X(jt#) = when |<w| > 2,000;i\ Ampli- 
tude modulation is performed to produce the signal 

g{t} = MOsintiOOOTrO. 

A proposed demodulation technique i& illustrated in Figure P8.3 where g{t) is the 
input y(T) is the output, and the ideal lowpass filter has cutoff frequency Z.UOOtt 
and passband gain of 2. Determine y(t). 



gft) — ► (^\ 



cos(2a00irt} 



ideal 
lowpass 

filter 



■*- Y<t) 



Figure P8.3 



8.4. Suppose 



and 



jt(r) - 5in200ir{ -+- 2sin4O0-7rr 



g(t) - jc(f>sin400irr 



If the product £(f)($in400?rj) is passed through an ideal lowpass filter v*ith cutoff 
frequence 4O0x and passband gain of % determine the signal obtained at ihe output 
of the lowpass filter. 

8,5, Suppose we wish to transmit the signal 



xit) - 



sml h OQ0?rt 



TTt 



using a modulator thai creates the signal 



w(f) = (xit) + A)cos<10 F 0007rO- 

Determine the largest permissible value of the modulation index m that would allow 
asynchronous demodulation to be used to recover x(t) from w(f). For this problem, 
you should assume that the maximum magnitude taken on by a side lobe of a sine 
function occurs at the instant of time that is exactly halfway between the two zero- 
crossings enclosing the side lobe. 

S.ti. Assume that x{i) is a signal whose Fourier transform X{j<&) is zero for |oj| > t>w- 
The signal g(t) may be expressed in terms of x(t) as 



g(t) = -*(f)cos<j f / - x(t)zosoi c t* 



TTt 



where * denotes convolution and a> c > t^ M . Determine the value of the constant A 
such that 
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x(l) = {g(f)cosoM)* 



A$ir\i*>\it 



TTt 



8.7. An A M-SSB/SC system is applied to a s ignal jc(/ ) whose Fou rier transform X( jot ) is 
zero for \ti>\ > to M > T^e carrier frequency w t used in the system is greater tharibMf , 
Let g(t) denote the output of the system, assuming that onl> the upper sidebands 
are retained. Let q{0 denote the output of the system, assuming that only the tower 
sidebands are retained. The system in Figure P8.7 is proposed for converting g{t) 
into q{t). How should the parameter W[j in the figure be related to &><.? Whai should 
be the value of passband gain A ? 




COSUIqC 



w. 



to, 



■**■ qW 



Figure P8.7 



8.8« Consider the modulation system shown in Figure P8.S. The input signal x(f) has a 
Fourier transform X(jw)xhat i& zero for |<o[ > w w . Assuming lhatcu,. > a> M , answer 
the following questions: 

(a) Is >-(/> guaranteed to be real if *(/) is real? 

(b) Can #(/) be recovered from y(/>? 



H(jw)- 



-J ,<u>0 

i ,4k0 




slnaj c t 



Figure PS. a 



8*9* Twa signals .V](0 and x 2 it\ each with a Fourier transform that is zero for \d\ ^> 
to ri are to be combined using frequency-division multiplexing. The AM-SSB/SC 
technique of Figure 8,21 is applied to each signal in a manner that re lains the 1 o wer 
sidebands. The carrier frequencies used for x } (t) and x^U) are vj c and 2& i , respec- 
tively. The two modulated signals are then summed together to obtain the FDM 
signal yd). 
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(a) For what values of o> is Y(jt*>) guaranteed to be zero*? 
<b) Specify the values of A and wa so that 



*](/)= IvO* 



[[■ 



7Tf 



COSttlof 



v4 sin*>j 

AT 



where * denotes con volution. 

8.10. A signal *(r) is multiplied by the rectangular pulse train c(t) shown in Figure P8, 10. 

(a) What constraint should be placed on X(Jttt) to ensure thai x(t) can be recovered 
from the product x(t)c(t) by using an ideal lowpass filter? 

(b) Specify the cutoff frequency <*>< and the passband gain A of the ideal lowpass 
filter needed to recover x[t) from x(t)c(l)> [Assume that Jf(jw) satisfies the 
constraint determined in part (a) | 



c{t) 



26X10 sec 



10 



-3 



10 a 2x10 



-3 



t(sec) 



Figure PS. 10 



8.11, Let 



whereto ■= Oandflj ^ 0, be a real- valued r^riodic signal. Also Jet *(r) be a signal 
with X{ jw) ^ for |u| > w t ./2. The signal x(t) is used to modulate the earner c(t) 
to obtain 

yir) = x[t)c(t). 

(a) Specify the passband and the passband gain of an ideal bandpass filter so that, 
with input y(f), the output of the filler is 

S (t)= (a e^' + aJe-^'ttCf). 

(b) Iffi E - [ai|e J * H| , show that 

and express A and <fr in terms of \ai [ and <aj. 

8.12. Consider a set of 10 signals jcfcX i = l h 2 h % . . ., 10. Assume that each x t (t) has 
Fourier transfonn such that Xiijw) = for |<y | > 2,000^. All 10 signals are to be 
time-division multiplexed after each is multiplied by acarrier c(t) shewn in Figure 
P8.12. If the period T of c{i) is chosen to have the maximum allowable *alue, what 
is the largest value of A such that all 10 signals can be time-division multiplexed 1 * 
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-T 



2T 



Figure PB.12 

8.13. A class of popularly used pulses in PAM are those which have a raised cosine fre- 
quency response. The frequency response of one of the members of this class is 



P(j«0 = 



0, 



elsewhere 



where T] is the intereyrabol spacing. 

(a) Determine p(Q) r 

(t>> Determine pikT^ ) T where A = ± 1, ±2, . . . . 

8.14* Ctmsider the frequency -modulated signal 

y(t) = cos((ii t t - mcostu^r), 

whereof >> u> rpL and m << ir/2. Specify an approximation to Y(jti>} for tu > 0. 

8.15- Fwr what values of w in the range -ir < w ^ tt is ampHcu.de modulation with 
carrier e i<zi,i " equivalent to amplitude modulation with carrier cos ta n'l 

8*16- Suppose x[n\ is a real-valued discrete-time signal whose Fourier transform X(e ja *) 
has the property that 

Jf(e y ") = for^ ^ at < tt. 

o 

We use x[n] to modulate a sinusoidal carrier c[n] ~ sin(57j72)n to produce 

Determine the values of w in the range s &> ^ tt for which F(^ JftJ ) is guaranteed 
to be zenj r 

8,17, Consider an arbitrary finite -duration signal x[n] with Fourier transform X{e jai }> We 
generate a signal £[u] through insertion of zero- valued samples: 

rf-ii - v r „i _ f *[fl/41 P w = (^±4,^:8,* 12,... 



la 



otherwise 



The signal g[n] is passed through an ideal lowpa&s filter with cutoff frequency tt/4 
and passband gain of unity ti> produce a signal q[ti\. Finally, we obtain 

y[n] = q[n]cos{-^n 

For what values of cu is Y{e JW ) guaranteed lo be zero? 
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8,18, Let jt[rt] be a real- valued discrete-time signal whose Fourier transform X(e ta> ) is 
zero ftiTtiJ ^ tt/4. We wish to obtain a signal y[n] whose Fourier transform his the 
property that, in the interval — it < w ^ tt + 



y(e J ") = 



0> otherwise 



The system in Figure PS. 18 is proposed for obtaining y[n] from a[k]. Determine 
constraints that the frequency response H(e^ J ) of the filter in the figure must satisfy 
for the proposed system to wort. 




sm(jjn) 



Figure P6.18 



8.19. Consider 1 arbitrary reaU valued signals x t [n], i = 1 F 2, ,,., 10. Supper each x t \n] 
is upsampled by a factor of AT, and then sinusoidal amplitude modulation is applied 
to it with carrier frequency tu; = iTr/10. Determine the value of N which would 
guarantee that all 10 modulated signals can be summed together to yield art FDM 
signal y[rt] from which each x t [ii\ can be recovered. 

8.20. Let V[[ij] and wa[n] be two discrete-lime signals obtained through the sampling 
(without aliasing) of continuous-time signals. Let 

v[ij] ^ V[[n] +■ v 2 [n - 1} 

be a TDM signal, where, for i = 1,2. 



♦,w=j , ''[4 n =°> ±2 > ± *- 6 >- 



a 



otherwise 



The signal y[n] is processed by the system S depicted in Figure P8.20 to obtain a 
signal g[n]. For the two filters used in 5, 



BaW) 



-P- 



0. | < (D ^ 
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Determine the signal p[n\ used in 5 such that g[n] represents frequency -division 
multiplexing of V| [n] and V2[«J. 



y(nl 




gl"J 



Pt"-'l 



BASIC PROBLEMS 



Figure P8.Z0 



8.21. In Sections 8.1 and 8.2, we analyzed the sinusoidal amplitude modulation and de- 
modulation system of Figure 8.8 h assuming that the phase t of the carrier signal 
was zero. 

(a) For the more general case of arbitrary phase L in the figure, show that the signal 
in the demodulation system can be expressed as 

w(f) = -x(i) + -x(t)m5(2t* t t + 20,). 

fl>) If .t(f) has a spectrum that is zero for \a/\ ^ <o M , determine the relationships 
required among w ro [the cutoff frequency of the ideal lowpa&s filter in Figure 
8.8(b)], w c (the carrier frequeijcy), and <*> M so that the output of the lowpass 
filter is proportional to x(t) Does your answer depend on the carrier phase < 7 

8.22. In Figure PB,22(a) t a system is shown with input signal x(t) and output signal _y(*) 
The input signal has the Fourier transform X(jat) shown in Figure P8. 22(b). Deter- 
mine and sketch ¥(]&), the spectrum of y(r). 



cosiSwt) 
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(b) 



Figure PS. 22 Continued 



8,23. In Section 8.2, we discussed the effect of a loss of synchronization in phase between 
the carrier signals in the modulator and demodulator in sinusoidal amplitude modu- 
lation. We showed that the output of the demodulation is attenuated by the cosine of 
the phase difference, and in particular, when the modulator and demodulator have 
a phase difference of tt/2 t the demodulator output is zero. As we demonstrate in 
this problem, it is also important to have frequency synchronization between the 
modulator and demodulator. 

Consider the amplitude modulation and demodulation systems in Figure 3.8 
with O c - & and with a change in thcJr£^u£ncy-of the demodulator carrier so that 

w(t) = y(t)co& wjt, 

wiicre 

y<f} = x(t)co&4ti c t. 

Let us denote the difference in frequency between the modulator and demodulator 
as Aw (i.e. b fc>j-.k> i = A&>), Also, assume that x(r) is bard limited with X(jo>} = 
for \o>\ £ oijtf, and assume that the cutoff frequency w ia of the lowpass filter m the 
demodulator satisfies the inequality 

iDfy + Atii < w ffl < 2at r + Afc> — <**m ■ 

(a) Show that the output of the lowpass filter in the demodulator is proportional to 
x(0 cos(Au>0- 

(b) If the spectrum of x(t) is that shown in Figure P8.23, sketch the spectrum of the 
output of the demodulator. 




Figure P8.Z3 



8-24, Figure P8,24 shows a system to be used for sinusoidal amplitude modulation, where 
x{t) is band limited with maximum frequency (um, so that X{jt&) = 0, |w| > com 
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A& indicated, the signal .?(/> is a periodic impulse train with period T and with an 
offset from f — of A. The system H(jttt) is a bandpass filler 

(a) With A = 0, wm = irQT, cot = ir/T, and to* = 3W7„ show that y{r) is pro 
portions] to x(t)cosb> t l, where w, = 2ir/T. 

(b) If M^, oi ?J and ^f, are the same as given in part (a), but A is not necessarily 
zero, .show that y(t) it proportional to x{t) cos(aj t t + 6 C ), and determine tu c and 
6< as a function of T and A. 

(c) Determine the maximum allowable value of <&m relative to T such that y(/) is 
proportional to jt(0cos(w r + 0,.). 



m 




**■ H(j<j>i 



*-y[t) 



s|t} 



I t I t t t 



A [T+i) <2T+.l) t 



A 



^ 



<*h 



Figure PS, 2 4 



8.25. A commonly used system to maintain privacy in voice communication is a speech 
scrambler As illustrated in Figure P8,25(a), the input to the system is a normal 
speech signal x(t) and the output is the scrambled version y(r). The signal >■(/) is 
transmitted and then unscrambled at the receiver. 

We assume that all inputs to the scrambler are real and band limited to the 
frequency (u M ; that js, X{jto) = for |t>| > w M . Gi\en any such input, oui pro- 
posed scrambler permutes different bands of the spectrum of the input signal. Jn 
addition, the output signal is real and band limited to the same frequency band; that 
is, Yijiii) = for \<#\ ~> & Mr Tbe specific algorithm for the scrambler is 

Yijtu) *= X{j{& -w M )l &>0 t 
Ytjta) - X(j(& +*>«)), ft>< 0. 

<a) If X(jiii) is given by the spectrum &hown in Figure P&.25<b), sketch the spec- 
trum of the scrambled signal y{t), 

(b) Using amplifiers, multipliers, adders, oscillators, and whatever ideal filters you 
find necessary, draw the block diagram for such an ideal scrambler. 

tc) Again using amplifiers, multipliers, adders, oscillators, and ideal filters, draw a 
block diagram for the associated unscrambles 
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{Normal 
speech) 



Scrambler 



V(t) 



udhjkJU Uhitftov- 



y(t) 



(a) 



Unscramble? 



x(t) 



X(](0j 



A 



"tM-| *0| 



[fr> 



Figure *»S.25 

8.26. In Section 8.2.2, we discussed the use of an envelope detector for asynchronous 
demodulation of an AM signal of the form y{t) = [jc(t) + A] 005(0^; + S, ). An 
alternative demodulation system, which aJso does not require phase synchronisa- 
tion, butddes require frequency synchronization, is shown in block diagram form 
in Figure P8,26. The Lowpass filters hoth have a cutoff frequency of w ( . The signal 
y(t) = [jc(r) + /i]co&(w t f + 6 t \ with r constant but unknown. The signal xit) ii 
band limited with Xijw) = 0, <u| > w w , and with w^ < w,^ As we required for 
the use of the envelope detector, x(t) + A > for all /. 

Show that die system in Figure P8.26 can be used to recover jc(/) from v(r) 
without knowledge of the modulator phase C . 
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8.27. As discussed in Section 8.2.2 7 asynchronous modulation -demodulation requires the 
injection of the carrier signal so that the modulated signal is of the form 
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y(t) =* [A + A(f)]cos(w t 7 + &A 



(PS.27-1) 



where A + x{f) > for all r. The presence of the earner means thai more tran smitter 

power is required, representing an inefficiency. 

(a) Let x{r) — cos w w J with w w < ta r and A + x(t) > 0. For a periodic signaJ y{t) 
with period J 1 , the average power overtime is defined as P y = (]/T}j T y 2 (l)dt, 
Determine and sketch P v for y(t) in eq. (P8<27-1). Express yoor answer as a 
function of the modulation index m, defined as: the maximum absolute value of 
x(f) divided by A. 

(h) The efficiency of transmission of an amplitude-modulated signal is defined to 
be the ratio of the power in the sidebands of the signal to the total power in the 
signal. With x(t) = cosier, and with (ti M < w c and A + x(t) > 0, determine 
and sketch the efficiency of the modulated signal as a function of the modulation 
index m. 

JL2B. In Section 8,4 we discussed rhe implementation of single-sideband modulation using 
90* phase-shift networks, and in Figures 8,21 and 8.22 we specifically illustrated 
the system and associated spectra required to retain the lower sidebands. 

Figure P8_28(a) shows the corresponding system required to retain the upper 
sidebands. 



CCStU^t 




(a) 



sjn« c t 




ft) 



Figure P8.2S 
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(a) With the same Xljat) illustrated in Figure 8.22, sketch Y t {jn), Y 2 (j<*\ and 
Y(j<*>) for the system in Figure P8.28(a) T and demonstrate that only the upper 
sidebands are retained. 

(b) For Af(jpw) imaginary, as illustrated in Figure P8.2S(b) T sketch Y\ (jfcu), J^Ou))* 
and Ktjaj) for the system in Figure P$. 28(a), and demonstrate that, for this case 
also + only the upper sidebands are retained. 

8.29* Single-sideband modulation is commonly used in point-to-point voice communica- 
tion. It offers; many advantages, including effective use of available power, con- 
servation of bandwidth, and insensitivity to same forms of random fading in the 
channel, Tn double-sideband suppressed carrier (DSH/SC) systems the spectrum 
of the modulating signal appears in its entirety in two places in the transmitted 
spectrum. Single- sideband modulation eliminates this redundancy, thus conserving 
bandwidth and increasing the signal -to -noise ratio within the remaining portion of 
the spectrum that is transmitted. 

In Figure P3.29(a) T two systems for generating an amplitude-modulated 
single-sideband signal are shown. The system on the top can be used to generate a 
single- sideband signal for which the lower sideband is retained, >ind the system on 
the bottom can produce a single-sideband signal for which the upper sidehand is 
retained. 

(a) For X(jat) as shown in Figure PR.29(b), determine and sketch S{jiu) t live 
Fourier uansform of the lower sideband modulated signal, and /?(yur). the 
Fourier transform of the upper sideband modulated signal. Assume that 

The upper sideband modulation scheme is particularly useful with voice 
communication, as any real filter has a finite transition region for ihc cutoff 
(i.e„ near oi t ). This region can be accommodated with negligible distortion, 
since the voice signal does not have any significant energy nearju = (i.e., for 
H<4>| = 2ir x40Hz). 

(b) Another procedure for generating a single-sideband signal is termed the phase- 
shift method and is illustrated in Figure P8.2£{c). Show that the single- 
sideband signal generated is proportional to that generated by the lower 
sideband modulation scheme of Figure F8.29U) lie., p(i) is proportional 
to *(t)l 

(c> All three AM-SSB signals can be demodulated using the scheme shown on 
the right-hand side of Figure P8.29(a). Show thai, whether the received sig- 
nal is s(j) t rit\ or />(f) T as long as the oscillator at the receiver is in phase 
with oscillators at the transmitter, and w = w t , the output of the demodulator 
is *{t). 

The distortion that results when the oscillator is not in phase wtLh the trans- 
mitter, called quadrature distortion, can be particularly troublesome in data 
communication, 

8JO. Amplitude modulation with a pulse-train carrier may be modeled as in Figure 
P8.30(a). The output of the system is tfit). 

(a) Let x(t) be a band limited signal [ie,, X(jw) = G\ \w\ > tt/T], an shown irt 
Figure P£.30(b). Determine and sketch A(J<u) and Q(j<a}. 
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Figure P8,Z9 
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*ffl 



(b) Find the maximum value of A such that *■(/) = x(t) with an appropriate filter 

(c) Determine and sketch the compensating filter M(joi) such that w(rl = *(*)- 



PATd system 




r(t) 



hit) 

±1 



-&2 &2 



P(tJ= X &(l nT) 

fl- s. 



(a) 



qW 



M(jt») 



Wffl 



<M 




W 



Figure P8.30 



8131. Let x [n] be a discrete-time signal with spectrum X{e ju \ and let pit) be a continuous- 
time pulse function with spectrum P(jtii}. We form the signal 



y(t) = ^ -r[n]/J(f - *)- 



(a) Determine the spectrum Y(jti>) in terms of X{e JU ) and P{jtn 

0» rf 



/KO = 



cosfcTrr, ^ j ^ I 



0, 



elsewhere 



determine P{jw) and Y(jqj). 
8.32, Consider a discrete-time signal *!«] with Fourier transform shown in Figure 
P8. 32(a)- The signal is amplitude modulated by a sinusoidal sequence, as indi- 
cated in Figure P8.32(bj. 
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(a) Determine and sketch Y{e J,It ), the Fourier transform of y[n], 

(b) A proposed demodulation system is shown in Figure F8,32(c). For what value 
of 8, ,fti p > and G will .*{n] = x\n\ } . Are any restrictions on *> t . and^i p necessary 
to guarantee that je[m| is recoverable from y[ff]7 
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Figure PS 32 



&33. Let us consider the frequency- division multiplexing of discrete-time signals x\n\, 
i = 0, 1,2,3. Furthermore, each x r [tt] potentially occupies the entire frequency 
band { — tt < w < tr'). The sinusoidal modulation of upsampled versions of each 
of these signals may be carried out by using either double-sideband techniques or 
single- sideband techniques. 

(a) Suppose each signal x t [n] is appropriately ups&mpled and then modulated with 
cos[/(W4)rtl. What is the minimum amount of upsampling that must be carried 
out on each x,[n] in order to ensure that the spectrum of the FDM signal does 
not have any aliasing? 

(b) If the upsampling of each x t [n] is restricted to be by a factor of 4, how would 
you use single- sideband techniques to ensure that the FDM signal does not have 
any aliasing? Hint: See Problem 8 J 7. 
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ADVANCED PROBLEMS 

£.34, Iii discussing amplitude modulation systems, modulation and demodulation were 
carried out through the use vf a multiplier. Since multipliers are often difficult to 
implement, many practical systems use a nonlinear element. In this problem, we 
illustrate the basic concept. 

In Figure P8.i4 p we show tine such nonlinear system for amplitude modu- 
lation. The system consists of squaring the sum of the modulating signal and the 
carrier and ihen bandpass filtering to obtain the amplitude-modulated signal. 

Assume that jt(i) is band limited, .so that Xijai) = 0, |&>| > w.^. Deter- 
mine the bandpass filter parameters 4, w* , and orb such that >'(/> is an amplitude- 
modulated version of _r(r) [i.e., such that y(/) — jr(r) com gj ( f]. Specify the necessary 
constraints, if any. on to t and &M . 



COS(tr»tJ 




V(« 



Figure P6.34 



&35. The modulation -demodulation scheme proposed in this problem is similar to sinu- 
soidal amplitude modulation, except that the demodulation is done with a square 
wave with the same zero-crossings as coster. The system is shown in Figure 
P8. 35(a); the relation between cos w, rand p{t) is shown in Figure P8. 35(b). Let the 
input signal x{t) be a band-limited signal with maximum frequency w« < cu L , as 
shown in Figure PS. 35(c). 

(a) Sketch and dimension thereal and imaginary parts of Z(y&»), P{j<i> ^ 1 &\\dY{j<a\, 
the Fourier transforms of z(t\ p{t)^ and y(f\ respectively 

(b) Sketch and dimension a filter H(jw) so that v(0 = *(/). 
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Figure P0-35 Continued 



8*36. The accurate demultiplexing-demodulation of radio and television signals is gener- 
ally performed using a. system called the superheterodyne receiver, which is equiv- 
alent to a tunable filter The basic system is shown in Figure P8,36(a) 

(a ) The input si gn al y(r) con sists of the superpo si tion of many amplitude-modulated 
signals that have been multiplexed using frequency-division multiplexing, so 
that each signal occupies a different frequency channel. Let us consider one such 
channel thai cunUins the amplitude- modulated signal y\{() — x\(t)<;o£w r t+ 
with spectrum Ytijto} as depicted at the top of Figure PS. 36(b), We want to de- 
multiplex and demodulate vi (0 to recover the modulating signal x t {r), using the 
system of Figure P8. 36(a). The coarse tunable niter has the spectrum Hi(jaj) 
shown at the bottom of Figure P8.36(b). Determine the spectrum Z(j<i>) of the in- 
put signal to the fixed selective filter H2{j(^) Sketch and label Z{j&) for 
at > 0. 

(b) The fixed frequency-selective filter is a bandpass type centered around the fixed 
frequency <iif, as shown in Figure P8. 36(c). We would like the output of the 
filter with spectrum ffj(jw) toberff) = *j{/)cos&jyf. In terms of o} r andwM, 
what constraint must u>j satisfy to guarantee that an undistorted spectrum of 
jci (t) is centered around ti> = ojf 1 

(c) What must G, a, and be in Figure PS. ?6<c) so Thai r(r) = *i(0 cosier? 

837. The following scheme has been proposed to perform amplitude modulation The in- 
put signal x(t) is added to the carrier signal cos w t f and then put through a nonlinear 
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Mt} 



device, so that the output zi*} is related fo the input by 

This is illustrated in Figure P837<a), Such a nonlinear relation can be implemented 
through the current- voltage characteristics of a diode, where, with i{t) and v(t) the 
diode and current and voltage, respectively, 

i(0 * /o* * - 1 (a real). 

To study the effects of nonlinearity, we can examine the spectrum of z{s) and how 
it relates to X{j<d) and <a f . To accomplish this, we use the power series for e v . 



which is 



1 



e > ^ 1 + y+ Ly2+ _ y l + .^ 

{a) If the spectrum of x(t) is given by Figure P8.37(b), and if w c - 1 OOco i , sketch 

and label Z{j&), the spectrum of z{t\ using the first four terms in the power 

series for & v . 
(b) The bandpass filter has parameters as shown in Figure P837(c). Determine the 

range of a and the range of such that r{t) is an amplitude- modulated version 

of-v(0. 



y(t) 



z = e ¥ -i 



z(t) 



BPF 

H{jw} 



GOSCU^l 



-(J -a 



(a) 
x(i™j 



i 



1 



(c) 



Figure P8.37 



8.38. In Figure P8.3S(a) T a communication system is shown that transmits a band-limited 
signal *(i) as periodic bursts of high-frequency energy. Assume that X(ja>) = for 
H > to M > Two possible choices, m,fr) and m 2 (0, are considered for the modulating 
signal mil), m (0 is a periodic train of sinusoidal pulses, each of duration D t as 
shown in Figure P8J8(b). That is. 
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IR| 



<t) = 2 pa- m 



l= * 



where 

. _ f cosaj,?, \t\ < (D/2) 
^ " ( 0. |r| > (D/2) 

tfi ? (r) is cGmoj periodically blanked or gated; that is, jwa(0 = g(t) cos w f /, where 
gU) is a& shewn in Figure P8, 38(b), 
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The following relationships between the parameters 7, D, w ( • and aiw are 
assumed: 



&v >> 



2tt 
Z? 1 



2tt 



> 2oj^. 



Also, assume that [sinCy}]^* is negligible for jc >> 1. 

Determine whether, tor some choice of an p , either m\ (/)or rttiU) will result in 
a demodulate J signal x{t). For each case in which your answer is yes, determine an 
acceptable range for wi p . 

8.39. Suppose we wish to communicate one of two possible messages: message m^ or 
message m\ . To do so, we will send a burst of one of two frequencies over a time 
interval of length T. Note that T is independent of which message is being trans- 
mitted. For message my we will send coswo'i and for message tt\\ we will send 
coswi/. Thus, a burst b(t) will look as shown in Figure P839{a), Such a communis 

m (t) 



Kaaa , 

ift) 

IWWAA , 



fa) 



COSCiift 




Choose 
maximum 
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absolute 
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^"nrip-or 

"mi" 



coscojt 



(fa) 



Figure PS .39 
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cation system is tailed frequency shift keying (FSK). When the burst of frequency 
b(T) is received, we wish to determine whether it represents message mn or message 
m\. To accomplish this, we do as illustrated in Figure PS.39(b). 

(a) Show that the maximum difference between the absolute values of the two lines 
in Figure P8,39(b) occurs when cosojq/ andcos*u|f have the relationship 

T . 

COSfeJftf COSti>]tdl = 0. 



(b) Is it possible to choose ate- and w i such thai there is no interval of length T for 
which 

T 

COSfcJ0 f CO5tt>|f dt = 0? 


8*40. In Section 8.3, we discussed the use of sinusoidal modulation for frequency- 
division multiplexing whereby several signals are shifted into different frequency 
bands and then summed for simultaneous transmission. In the current problem, we 
explore another multiplexing concept referred to as quadrature multiplexing. In this 
multiplexing procedure, two signals can be transmitted simultaneously in the same 
frequency band if the two carrier signals are ^tToutoi phase. The multiplexing sys- 
tem is shown in Figure P8.40<bl) and the demultiplexing system in Figure P8,40(bj 
x\{t) and xz(t) are both assumed to be band limited with maximum frequency kom, 
s« that Xrfjtv) — Xiijta) = for (w| > o*m. The carrier frequency tit y is asvumed 
to be greater than w ^ . Show that y i it) - Jfj(r) and y±{t) = xiit). 



COSOJ-t 



*-M 



*a(t) 




r{t) — multiplexed signal 



(a) 



Figure P3,40 



8,41. In Problem 8,40, we introduced the concept of quadrature multiplexing, wherehy 
two signals ace summed after each has been modulated with carrier signals of iden- 
tic al frequency, hut with a phase difference of 90° . The corre spondi ng disc rete-time 
multiplexer and demultiplexer are shown in Figure P8.4L The signal x\[r] and 
x?[n\ are botti assumed to be band limited with maximum frequency d> w , so that 

Xi(r JM ) = X 2 {e Jh *) = for <u w < tu < 2ir - <*> M . 
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(a) Determine the range of values for *t> r so that xi [n] and ^[n] can b* recovered 
from r[ri\. 

(b) With w t satisfying the conditions in part (a), determine Hie***) so thai vi [«] = 
j:][n]and^ 2 [«] * ^["l 

8,42, In order to avoid intersymbol interference, pulses used in PAM systems are designed 
to be zero at integer multiples of the symbol spacing T] In this problem, we develop 

a class of pulses which are zero at / = ft7*i, k = ±1, ^2, ±3 

Consider a pulse Pi(f) that is real and even and that has a Fourier transform 
P\{jtii). Also, assume that 

(a) Define a periodic sequence pi(t) with Fourier transform 

and show that 

.2tt 



(b) Use the result of the previous part to show that for some T 

p\ti) = 0, t = kT, k = T ±2, ±4,.. . 

(c) Use the result of the previous part to show that 

PiUTi) = 0, k = ±1,±2, ±3_ . 

(d) Show that a pulse />(') with Fourier transform 

Fiji*) =| Prtjul % *M * ^ 

\ G, otherwise 

aJso has the property that 

p(kT } ) = a k - ±1,-2, ±3 t .... 

8.43. TTie impulse response of a channel used for PAM communication is specified by 

h(t) = H> p O0O*" 1i000f «(/>. 

It is assumed that the phase response of the channel is approximately linear in the 
bandwidth of the channel. A pulse that is received after passing through the channel 
is processed using an LTI system S with impulse response g[t) in order to compen- 
sate for the nonuniform gain over the channel bandwidth. 
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(a) Verify that if g(t) has the Fourier transform 

G(jw) = A + jBu>, 

where A and 5 are real constants, then g{f) can compensate for the nonuniform 
gain over the channel bandwidth. Determine the values of A and B. 

(b) It is proposed that S be implemented with the system shown in Figure P8.43, 
Determine the values jf the gain factors a and fi in this system. 



■ > Differentiator ■■ > 



Kft) — 

(Received srgnal 
before compensation) 




(Received signal 

after compensation} 



JT}-t 



Figure PS.43 



8.44, In this prohlem, we explore an equalization method used to avoid intersymbol in- 
terference caused in RAM systems by the channel having nonlinear phase aver its 
bandwidth 

When a RAM pulse with zero-crossings at integer multiples of the symbol 
spacing 7'i is passed through a channel with nonlinear phase. The received pulse may 
no lunger have zero-crossings at times that are integer multiples of J\ . Therefore, in 
order to avoid intersymbol interference, the received pulse is passed through a zenr- 
prc'mg equalizer wJiich forces the pul^e to have zero-crossings at integer multiples 
of T\ . This equal izer generates a new pulse y(t) by summing up weighted and shifted 
versions of the received pulse x(t). The pulse y(t) is given by 



N 



>'(/) = T aixit - ITi). 



(P8.44^1> 



t= -,v 



where the a; are all real and are chosen such that 



y(*T| ) = 



1, k = 

0, ^ ±l h ±2 h ±3, ...£tf 



(a) Show that the equalizer is a filter and determine its impulse response, 

(b) To illustrate the selection of the weights a it let us consider im example. If 
x(0Ti) = 0.0, Jt(-Ti) = OXxOO - -0.2, and jcfJtZ'j > - for \k\ > 1, de- 
tennine the values of c^, G t , and u i such that \{±T\) - 0. 
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8.45. A band-limited signal ,x(!) is \o be transmitted using narrowband FM techniques. 
That is, the modulation index m, as defined in Section 8.7, is much less than tt/2. 
Before x(t) is transmitted to the modulator, it is processed so thai AXywJL-o = 
andj.rfr}|< 1 This normalized .*(0 is now used \o angle-modulate a carrier to form 
the FM signal 



i: 



y{T) = cosWr + m x(r)dj 



<aj Determine the instantaneous frequency (o t . 

(b) Using eqs. (8,44) and (S.45> T the narrowband assumption (m << ir/2) T and the 
preceding normalization conditions, show that 



v(r) « msttij - (m jc(t)Jt 1 sinw,'. 




(t) What is the relationship among the bandwidth of >(/), the bandwidth of x(/\ 
and the carrier frequency w t ? 
8.46. Consider the complex exponential function of time, 

i-(t) = e^ ms \ (PS.46-1) 

where fl(r) - & a t 2 i2. 

Since the instantaneous frequency tn t =■ dO/dr is also a function of time, the 
signal s(t) may be regarded as an FM signal. Tn particular, since the signal sweeps 
linearly through the frequency spectrum with time, it is often called a frequency 
"chirp" or "chirp signal/ 

(a) Determine the instantaneous frequency. 

(b) Deiermine and sketch the magnitude and phase of the Fourier transform of the 
"chirp signal" To evaluate the Fourier transform integral, you may find it help- 
ful to complete the square in the exponent in the integrand and to use the relation 

* ■> fir 



—v. 



LTI 



*it) *■(*) *■ h < l )^s.;t) *~C\) *■ v(t) 



t t 

S 'W B *W Figure P8.46 
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(c) Consider the system in Figure PS.4£, in which s(J) is the "chirp stETval" m 
eq. (P8.46-1), Show that y{t) = Xijio^t), where X{jto) is the Fourier trans- 
form of x{i). 

(Nttie; The system in Figure P8.46 is referred to as the 'chirp" transform algo- 
rithm and is often used in practice to obtain the Fourier transform of a signal. } 

8*47. fn Section 8,8 we considered synchronous discrete-time modulation and demod- 
ulation with a sinusoidal carrier. In this problem we want to consider the effect of 
a loss in synchronisation in phase and/or frequency. The modulation and demod- 
ulation systems arc shown in Figure P8.47(a), where both a phase and frequency 
difference between the modulator and demodulator carriers is indicated. Let the 
frequency difference <*>$ — to c be denoted as Aw and the phase difference &# — 6 C 
asAtf, 

(a) If the spectrum of x[n] is that shown in Figure P8.47{b), sketch the spectrum 
of iv[rtl, assuming &u> = 0. 

(b) [f Aw = 0, show that w can be chosen so that the output r[rt\ is r[n] = 
x[nJcosA0. In particular, what is r[rtl if AG = tt/2? 

(c) For A0 = 0. and w = <a M + Act>, show that the output r[n] — Jt[n]cos[A<*>rt| 
(assume that Ao> is small). 

cos[u> c -n+8 c | 





*- r[n] 



cos lu> d n + ft 



(aj 




It - tlt|y 



■w 



«M 



(b) 



figure P8.47 



8.48, In this problem, we consider the analysis of discrete-time amplitude modulation of 
a pulse-train carrier. The system to be considered is shown in Figure P8.48(aj. 
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(a) Determine and sketch the discrete-time Fourier transform of the periodic 

square-wave signal p[n] in Figure F8.48(a). 
{b) Assume thar*[ff]has the spectrum shown in Figure P8 r 48(h). With &>,» =- tt}2N 

and with M = 1 in Fieure P8.48(a), sketch Y(e^\ the Fourier transform of 

v'N- 

(c) Now assume that X , (e ;tu ) is known to be band limited with X[f M ) — 0. m^ < 
h) < 2tt - hi\f t but is otherwise unspecified. Forthesystem of Figure PR .48(a), 
determine, as a function of A', the maximum allowable value ofw, w that will 
permit *[n] to be recovered from >■[«]. Indicate whether your result depends 
on M, 

(d) With w M and N satisfying the condition determined in part (c) 5 state or show in 
block diagram form how to recover x\n] from y\n]. 



[n] — *~(*) — *~ y |n i 

t 

p[nl 

JUL mm. 



■ «»***»**»** h 



01 ■••M 



N (N + MJ 



(a} 



(b) Figure PS. 48 

8.49. In practice it is often very difficult to build an amplifier at very low frequencies. 
Consequently, low -frequency amplifiers typically exploit the principles of ampli- 
tude modulation to shift the signal into a higher-frequency band. Such an amplifier 
is referred to as a < hopper ampiijier aod is illustrated in. the block-diagram form in 
Figure PS.49. 




Figure P8.49 
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Figure P8 . 49 Continued 



(a) Determine in terms of T the highest allowable frequency present in x(t\ if y(t) 
is to be proportional to x(t) (Le., if the overall system is to be equivalent to an 
amplifier). 

(h) With x(t) bandlimited as specified in part (a> 5 determine the gain of the overall 
system in Figure P8,49 in terms of A and 7\ 
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9.0 INTRODUCTION 



In the preceding chapters, we have seen that the tools of Fourier analysis are extremely 
useful in the study of many problems of practical importance involving signals and LTI 
systems. This is due in large part to trie fact that broad classes of signals can be represented 
as linear combinations of periodic complex exponentiate and that complex exponentials are 
eigen functions of LTI systems. The continuous-time Fourier transform provides us with 
a representation for signals as linear combinations of complex exponentials of the form 
e*' with s = /ii»« However the eigenfunction property introduced in Section 3.2 and many 
of its consequences apply as well for arbitrary values of s and not only those values that 
are purely imaginary. This observation leads to a generalization of the continuous-time 
Fourier transform, known as the Laplace transform, which we develop in this chapter. In 
the next chapter we develop the corresponding discrete-time generalization known as the 
^-transform 

As we will see, the Laplace and z- transforms have many of the properties that make 
Fourier analysis so useful. Moreover, not only do these transforms provide additional tools 
and insights for signals and systems that can be analyzed using the Fourier transform, 
but they also can be applied in some very important contexts in which Fourier transforms 
cannot. For example Laplace and ^-transforms can be applied to the analysis of many un - 
stable systems and consequently play an important role in the investigation of the stability 
or instability of systems. This fact,, combined with the algebraic properties that Laplace 
and ^-transforms share with Fourier transforms, leads to a very important set of tools for 
system analysis and in particular for the analysis of feedback systems, which we develop 
in Chapter 1 1 . 
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9.1 THE LAPLACE TRANSFORM 

In Chapter 3, we saw that the response of a linear time-invariant system with impulse 
response h(t) to a complex exponential input of the form e" 1 * is 

yit) = ff(j)**, (9.1) 

where 

H(i) = WP~"dt. (9.2) 

For j imaginary (i.e., s = j'tu) a the integral in eq. (9.2) corresponds to the Fourier trans- 
form of h{i\ For general values of the complex variable j\ it is referred to as the Laplace 
transform of the impul&e response hit). 

The Laplace transform of a general signal x(t) is defined as 1 

(9.3) 

and we note in particular that it is a function of the independent variable s corresponding 
to the complex variable in the exponent of e ~ h ' , The complex variable s can be written as 
s *= a + jw, with <7 and <t> the real and imaginary parts, respectively. For convenience, 
we will sometimes denote the Laplace transform in operator form as JEfjc(O) and denote 
the transform relationship between x(t) and X{s) as 

jf(r) *^-> Jf(s). (9.4) 

When s = jw T eq. (9.3) becomes 

JC(» = f xiOe^dt, (9.5) 




which corresponds to the Fourier transform of x{i)\ that is, 

#(* = > = «*<* (9.61 

The Laplace transform also bears a straightforward relationship to the Fourier trans- 
form when the complex variable s h not purely imaginary. To see this relationship, consider 
Xis) as specified in eq. (9.3) with j expressed as s = <r + j& t so that 

X(tr+ » = \ jdfie-te+^dt, (9.1) 



'Tie transform defined by eq. (SL3) is often called the hi fateful Laplace transform, lo distinguish it from 
ilie wiitataral Laplace transfoinu which wedi^us^ ia Sccnon 9.S. The bjjiteral transJorm in eq. (9.3) involves 
an integration from ^ to +«., while The unilateral transfomi has a fomi sildtbir In thai in eq (9-3), but with 
limits of integration front to +^. As *c are primarily concerned with the bilateral iramform.wt: will unlit the 
wor-d ''bilateral ," exoent where it is needed in Section 93 to avoid ambiguity. 
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or 






(9,8) 



We recognize the right-hand s.id* of eq. (9.8) as the Fourier transform of x{i)e ~ <TS \ thai 
is, the Laplace transform of x(t) can be interpreted as the Fourier transform af j{t) after 
multiplication by a real exponential signal. The real exponential e~^' may be decaying or 
growing in time, depending on whether a is positive or negative. 

To illustrate the Laplace transform and its relationship to the Fourier transform, let 
us consider the following example- 
Example 9. 1 

Ltt the signal x(t) = e <i! tt{t). From Example 4.1 h the Fourier transform X{j<&) con 
verges for a > and is given by 

X{ja>) = \ e-^uine'^'dt = f <T tli *- m, dt = ^ — , a > fl (99) 

J--, Jo )&> + a 

From eq. (9.3) the Laplace transform is 

or, with s = cr + j<i>. 

Jo 

By comparison with eq. (9.9) we recognize eq. (9.11) as the Fourier transform of 

F Hcr+fl) 'H(0, and thus, 

Xitr - jut) = - l - — , cr + a > 0, (9.12) 

(o- + a) + J£J 

or equivalent!) 1 , since s = tr + jot and c = tfle{s}, 

X(j> = — — , <M>} > -a. (9 13) 

j + a 



That is. 



e a, u{T) «-^-* — !— , &*{*} > -a. (9.14) 

For example, for a = t je(0 i& the unit step with Laplace transform X($} =*■ Us, 
{R*M > 0. 

We note, in particular, that just as the Fourier transform does not converge for all 
signals, the Laplace transform may converge for some values of (R^j} and not for others. 
lneq.(9.13), the Laplace transform converges only for cr = {R*{j} > -a, Jf a is positive, 
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then X(s) can be evaluated at cr = to obtain 

X{0 + jo>) = ~ — . {9A5) 

As indicated in eq (9,6},fort7 = the Laplace transform is equal to the Fourier transform, 
as is evident in the preceding example by comparing eq*. (9.9) and (9-15). If a is negative 
or zero, the Laplace transform still exists, but the Fourier transform does not. 

Exam pfe 9.2 

For comparison with Example 9.1, let ue> consider as a seen ad example the signal 

x{t) = -*-<"«(-')- (9,16) 

Then 



JOO = -J e-t'e-Vui-tydt 

(9.17) 



or 



- ^ 



s + a 



For convergence in this example, we require that (R*{* + a) < 0, ortftafc} < -o; that is. 

J + H 

Comparing eqs. (9.14) and (9.1 9) T we see that the algebraic expression for the 
Laplace transform is identical for both of the signals considered in Examples 9,1 and 9.2, 
However, from the same equations, we also see that the set of values of s for which the 
expression is valid is very different in the two examples. This serves to illustrate the fact 
that, in specifying the Laplace transform of a signal, both the algebraic expression and 
the range of values of s for which this expression is valid are required. In general, the 
range of values of s for which (he integral in eq.<9.3) converges is referred to as the region 
of convergence (which we abbreviate as ROC) of the Laplace transform. That is, the 
ROC consists of those values of j = <r 4- jto for which the Fourier transform of x{t)e~ m 
converges. We will have more to say about the ROC as we develop some insight into the 
properties of the Laplace transform. 

A convenient way to display the ROC is shown in Figure 9,L The variable s is a 
complex number, and in the figure we display the complex plane, generally referred to as 
the j-plane, associated with this complex variable. The coordinate axes are (R*^} along 
the horizontal axis and Sm{s) along (he vertical axis. The horizontal and vertical axes art 
sometimes referred to as the cj-axis and the jw-axis, respectively. The shaded region in 
Figure 9.1(a) represents the set of points in the s-plane corresponding to the region of 
convergence for Example 9. L The shaded region in Figure 9.1(b) indicates the region of 
convergence for Example 9.2. 
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&T% 



s-plane 



(R* 



■U 



-a. 



$ -plane 



fl. 



(a) (bj 

Figure 9, 1 (a) ROC for Example 9 1 ; (b) ROC for Example 9.2. 



Example 9.3 

In this example, we consider a signal that is (he sum of two real exponentials: 

*(i) = ^- z/ «(j>-2f" ( ij(iy (9.20) 

The algebraic expression for the Laplace transform is then 



= }( e l 'e~ s 'u(t)dT- 2 f t V*'if(f)df. 



<9:2i> 



Each of the integrals in eq. (9.21) is of the same form as the integral id eq. (9.10), and 
consequently, we can use the result in Example 9 A to obtain 



XU) = 



j + 2 * + r 



(9,22) 



To determine the ROC we note that x([) is a sum of two real exponentials, and 
from eq, (9-21) we sec that X(j) is the sum of the Laplace transforms of each of the 
individual terms. The first term is the Laplace transform of 3e ^u(_t) and the second 
term the Laplace transform of -2e~ f u(t). From Example 9.1, we know that 






I 



j+ r 

£ _ I 

7+r 



tfu{j} > - 1, 

&*{*} > -2. 



The set of values of <R*{j} for which the Lapl-are transforms of both terms converge is 
<$ie{x} > - I, and thus, combining the two terms on the right-hand side of eq. (9.22), we 
obtain 



3e~ it u(t)-2e- t u(t) 



j- 1 

J 2 + 3* \-~2 r 



<JW{j> > - 1. 



(9 23) 



Sec . 9. 1 The Laplace Transform 6 59 

Example 9.4 

[n this example, we consider a Signal that is the sum of a real and a complex exponential: 

xit) = e~ 2, u{t) + e'{<:wi3t)u{t). (9.24) 

Using Euler's relation, we can write 



f- 2r + ^" cl " 1;v + 4e" tl + lj *ltf(rX 



1 

2" r 2' 



and The Laplace transform of x{t) then can be expressed as 

Xd) = I e 2l u{t)e v 'dl 

+ i | e" Ll "^"u(r^ "rff <g.25) 

Each of the integrals In eq. (9.25 ) represents a Laplace transform ot the type en- 
countered in Example 9.1. It follows that 

c- 2, att) * — * — -=> tftefsl > -2. (9.263 

f + z 

e " ^<u(t) JL _J__ flfcfc} > -i, ( 9,27) 

For all three Laplace transforms to converge simultaneously, we must have (Re{s} > - 1, 
Consequently, the Laplace transform of x{l) is 

or, with terms combined over a common denominator. 

In each of the four preceding examples, the Laplace transform is rational, i.e„ it is a 
ratio of polynomials in the complex variable a, so that 

*W = gf (9.31) 

where /V(j) and D(x) are the numerator polynomial and denominator polynomial, respec- 
tively. As suggested by Examples 9.3 and 9A t Y(.r) will be rational whenever x{f) is a 
linear combination of real or complex exponentials. As we will see in Section 9.7, rational 
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(Transforms also arise when we consider LTI systems specified in terms of linear constant 
coefficient differentia] equations. Except for a scale factor, the numerator and denominator 
polynomials in a rational Laplace transform can be specified by their roots; thus, mark- 
ing the locations of the roots of N(s) and D(j) in the j-plane and indicating the ROC 
provides a convenient pictorial way of describing the Laplace transform- For example, in 
Figure 9.2(a) we show the s-plane representation of the Laplace transform of Example 9.3, 
with the location of each root of the denominator polynomial in eq. {9.23) indicated with 
"X" and the location of the root of the numerator polynomial in eq. (9.23) indicated witn 
"o. ni The corresponding plot of the roots ofthe numerator and denominator polynomials for 
the Laplace transform in Example 9.4 is given in Figure 9.2(b), The region of convergence 
for each of these examples is shaded in the corresponding plot. 
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s-plane 
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O 
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s-plarw 



{R* 
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Figure 9.2 spline representation 
of ttra Uplaca transforms Iot (a) Ex- 
ample 9.3 and <b) Example 9.4. Each 
x in these figures marts the location 
of a pole of the corresponding Laplace 
transform — i e. r a root of the denomi- 
nator. Similarly, each o marks a zero— 
i.e., a root of the the numerator. The 
shaded regions indicate the ROCs. 



For rational Laplace transforms, the roots of the numerator polynomial are com- 
monly referred to as the zeros of X{s) 7 since, for those values of J, X (j) = D. The roots 
of the denominator polynomial are referred to as the -poles of XU\ and for those values 
of j, X{s) is infinite. The poles and zeros of X[s) in the finite i-plane completely char- 
acterize the algebraic expression for X{s) to within a scale factor. The representation of 
X(s) through its poles and zeros in the j-pUne is referred to as the pole zero plot of X{ s). 
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However, as we saw in Examples 9.1 and 9.2, knowledge of the algebraic form of X{s) does 
not by itself identify the ROC for the Laplace transform. That is, a complete specification, 
to within a scale factor, of a rational Laplace transform consists of the pole-zero plot of 
the transform, together with its ROC (which i& commonly shown as a shaded region in the 
s-plane, as in Figures 9.1 and 9.2). 

Also, while they are not needed to specify the algebraic form of a rational transform 
Xif), it is sometimes convenient to refer to poles or zeros of X(s) at infinity. Specifically, 
if the order of the denominator polynomial is greater than the order of the numerator poly- 
nomial, then S(^) will become zero as j approaches infinity. Conversely, if the order of the 
numerator polynomial is greater than the order of the denominator, then Xfs) will become 
unbounded as s approaches infinity. This behavior can be interpreted as zeros or poles at 
infinity. For example, the Laplace transform in eq. (9.23) has a denominator of order 2 and 
a numerator of order only 1, so in this case Xis) has one zero at infinity. The same is true 
for the transform in eq, (9.30) t in which the numerator is of order 2and the denominator is 
of order 3. In general, if the order of the denominator exceeds the order uf the numerator 
by k, X(s) will have k zeros at infinity. Similarly* if the order of the numerator exceeds the 
order of the denominator by k, X{s) witl have k poles at infinity. 

Example 9.5 

Let 

jt(0 = HO - ^e 'u{t) +■ ±e 2t u(i). \932) 

The Laplace transform cf the seconded third terms od the right-hand >iide of esq. (9.32) 
can be evaluated from Example 9.1 . The Laplace transform of the unit impulse tan be 
evaluated directly as 

£ie<i»= f + B{Oe"di = I [931) 

which is vahd for any value of s. Thai is, the ROC of £{5{t)\ is the enure it-plane. Using 
this result, together with the Laplace transforms of the other two terras in eq. (9.32), *e 
obtain 

or 

where the ROC i g the set uf values of s for wh ich tht Laplace transforms of all three lerms 
in jc(tl converge. The pole-zera plot for this example ii shown in Figure 93, together with 
the ROC, Also, since the degrees of ihe numerator and denominator nf X{s) are equal, 
X(x) has neither poles nor zeros at infinity. 
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s-plane 



<R< 



Figure 9.3 Pole-zero plot and ROC tar Example 9.5. 

Recall from eq. (9.6) thai, for s - j<t>, the Laplace transform corresponds to the 
Fourier transform. However, if the ROC of the Laplace transform does not include the 
./w-axis, (i.e., if <R${&} = 0), then the Fourier transform does not converge. As we see 
from Figure 9.3 t -this, in fact, is the case for Example 9.5 t which is consistent with the 
foci that the term (l/3}e lf M(j L ) in x(t) does not have a Fourier transform. Note also in this 
example that the two zeros in eq r (9.35) occur at the same value of s. In general, wt will 
refer to the ardzr of a pole or zsto as the number of times it is repeated at a given location. 
In Example 9,5 there is a second-order zero at s = 1 and two first-order poles, one at 
$ - - 1, the other at s - 2. In this example the ROC lie* to the right of the rightmost 
pole. In general, for rational Laplace transforms, there is a close relationship between the 
locations of the poles and the possible ROCs that can be associated with a given pole-zero 
plot. Specific constraints en the ROC are closely associated with time-domain properties 
of x(t)- In the next section, we explore some of these constraints and properties. 

9.2 THE REGION OF CONVERGENCE FOR LAPLACE TRANSFORMS 



In the preceding section, we saw that a complete specification of the Laplace transform re 
quires not only the algebraic expression for X{s) f but also the associated region of conver- 
gence . As e videnc ed by Examples 9 . 1 and 9.2, two very different signals c an have identic al 
algebraic expressions for X(s), so that their Laplace transforms are distinguishable only by 
the region of convergence, in this section, we explore some specific constraints on the ROC 
for various classes of signals. As we will see, an understanding of these constraints often 
permits us to specify implicitly or to reconstruct the ROC from knowledge of only the al- 
gebraic expression for X(s) and certain general characteristics of tft) in the time domain. 



Property 1: The ROC of X(s) consists of strips parallel to the Jcu-axis in the j-plane. 



The validity of this property stems from the fact that the ROC t?f X{s) consists of 
those values of s = tr + jot for which the Fourier transform of x{t)e ""^ converges. That 
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is, the ROC of the Laplace transform of x{t) consists of those values of s for which x{t)e 
is absolutely integrable: 2 



I 



Property 1 then follows, since this condition depends only on o\ the leal part of s. 



Property 2: For rational Laplace cransfcrms, the ROC does hoc contain any poles 

Property 2 is easily observed in all the examples studied thus far. Since X(s} is infinite 
at a pole, the integral in eq. (9.3) clearly does not converge at a pole, and thus the ROC 
cannot contain values of $ that are poles. 



Property 3: If x(t) is of finite duration and is absolutely integrable, then the ROC is 
the eniire j -plane. 



The intuition hehitid this resuli is suggested in Figures 94 and 9.5. Specifically, a 
finite-duration signal has the property thai it Ls zero outside an interval of finite duration, 
as illustrated in Figure 9A. In Figure 9.5(a), we have shown x{t) of Figure 9.4 multiplied 
by a decaying exponential, and in Figure 9.5(b) the same signal multiplied by a growing 




2 * Figure 9.4 Finite-dii ration signal. 



Decaying exponents 




Gf owing exponential 




la) 



(bi 



Figure 9*5 (a) Fnite-di ration signal of FlgLre 9.4 multiplied by a decaying exponer 
Ual; (b) finite-duration signal of Fiflure 9.4 multiplied by a growing exponential. 



*Rif a more (twrmigh and foTmal treatenent of Laplace transforms and Hierr mathematical properties, 
inclining convergence, see E D. RaiiKiUc, The Laplace Transform: An Introduction (New York, Macmil- 
Ian, l%3), and R V. Churchill and J. W Brown, Complex YaUvhbs and Applications (5th ed.j fNcw York: 
McGraw-Hill, 19901. Nuto that the tuiutlbun of ah^.lulc imegnibihly is one of the Duiuhlel conditions intro- 
duced in Section 4 T in the conleiL of our discussion of the convergence of Fourier transforms.. 
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exponential. Since the interval over which x\t) is nonzero is finite, the exponential weight- 
ing is never unbounded, and consequently, it is reasonable that the integrabihty of x(t) not 
be destroyed by this exponential weighting, 

A more formal verification of Property 3 is as follows: Suppose that x{t) is absolutely 
integrable, so that 



|jc(0W* < ■"- 



(9.37) 



For j = <r + jw to be in the ROC, we require that x{r)e ai be absolutely integrable. i.e.. 



i, 



|*(r)k _tr ' dt < «. 



(9.38) 



Eq. (9.37) verifies that $ is in the ROC when (Jte{j} = <r = 0. For cr > 0. the maximum 
value of f y ~ {rt over tbe interval on which x{t) is nonzero is e ~ <TTi T and thus we can write 



-7", 



\xiT)\e~ <rl dt< e 



-o-T. 



JT, 



c 



\x{r)\dt. 



(9.39) 



Since the right-hand side of eq.(9.39) is hounded, so is the left-hand side; therefore, the 
j-plane for (R*{s} > t> must also be in the ROC. By a similar argument, if a < 0, then 



rj. 



|*<r)k -(r '</f <<? 



-rrT> 



|jf(f)lrfr, 



(9.40) 



JT, JJ\ 

and again, _v(f)e~ t,P ' is absolutely integrable. Thus, the ROC includes the entire j-plane. 



Example 9.6 



Let 



Then 



JpW "■ 



0. 



0<f <7 
otherwise 



let 



r e""rfr = 



1 



# + a 



[1 -*-^ )I, ] 1 



(9.41) 



(9.42) 



Since in this example x(t) is of finite length, it follows from Property 3 that the ROC is 
|he entires-plane. In the form of eq. (9.42), X{s) would appear to have a pole at s = -a, 
which, from Property 2, would be inconsistent with an ROC that consists of The entire 
jf-planc. In Tact, however, in the algebraic expression in eq, 19.42), both numerator and 
tlemjminator are zero at s = - *?, and thus, to determine X(s) at j = — a, we can use 
L' h6pi tal + s rule to obtain 



lim X(s\ — Mm 



Jv 



= lim 7V dr tf r , 



so that 



Xi-a) = T. 



i^43) 
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St is important to recognize that, to ensure that the exponential weighting is bounded 
over the interval m which x(t) is nonzero, the preceding discussion relies heavily on the 
fact that A?) is of finite duration. In the next two properties, we consider modifications of 
ihe result in. Property 3 when x[t) is of finite extent in only the positive-time or negative- 
time direction. 



Property 4: If Mt) is right sided, and if the line tfl*{.y} — t^. is in the ROC, then all 
values of j for which CR-e{?} > try, will also be in the ROC. 



A right-sided signal is a signal for which Mt) = prior to some finite time T [t as 
illustrated in Figure 9.6. It is possible that h for such a signal, there is no value of jfor which 
the Laplace transform will converge. One example is the signal jc(r> = e '' tt(f ) r However* 
suppose thai the Laplace transform converges for some value of cr T which we denote by 
<7o- Then 



\x(t)\e- vt,t dt < *, 



or equivalently, since x(t) is right sided, 

\x(t)\e«"' dt < *>. 

JT, 



{9.U) 



(9.45) 




Figure 9.6 Right-sided signal. 



Ttien if o-j > ct 0t it must also be true that x(t)e ^ is absolutely integrable, since e ^ 
decays faster than e~^ s as t — > +» b as illustrated in Figure 9.1. Formally, we can say 
that with<ri > cro. 



r 



\x(t}\e' ff,t dt = f {xii^'^e'^'^^dt 

[ |jc(rt| 



(9.46) 



(tTi -traWi 



"o'dt. 



Since T, is finite, it fallows from eq. (9.45) that the right side of the inequality m eq. (9.46) 
is finite, and hence T xit^e - *** is absolutely integrable. 

Note that in the preceding argument we explicitly rely cm die fact that x(t > is right 
sided, sa that, although with v\ > o\>, e^** diverges faster than e -fl, «' a*s i -*■ — <» p 
jc(t)e~ ail cannot grow without bound in the negative-time direction, since x{t) = for 
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Figure 9.7 If x(t) is fight sided 
and x{t)e~^* Is absolutely Integra We, 
toenjr(f)0 _rTlf ,ffi > pd, will also be 
absolute!/ integrate. 

t <T\. Also, in this case, if a point s is in the ROC, then all the points to the right of s, 
i.e., all points with larger real parts, arc in the ROC. For this reason, the ROC in this case 
is commonly referred to as a right-half plane. 



Property Sz If x(t) is left sided, and if the line <R«{j} = <7 is in the ROC then all 
values of s for which tflefr} < tr will also be in the ROC, 



A left-sided signal is a signal for which x{t) = after seme finite time 7^ as illus- 
trated in Figure 9.8* The argument and intuition behind this property are exactly analogous 
to the argument and intuition behind Property 4. Also, for a left-sided signal, the ROC is 
commonly referred to as a left-holf plane, as if a point s is in the ROC, then all points to 
the left of j are in the ROC. 




Figure 9.8 Left-sided signal 



Property 6: If x{t} is two sided, and if the line (R*r{.s} = c is in the ROC, then the 
ROC will consist of a strip in the s-plane that includes the line ftefr} = cr . 



A ftva-sided signal is a signal that is of infinite extent for both t > and / < 0, as 
illustrated in Figure 9.9(a), For such a signal, the ROC can be examined by choosing an 
arbitrary time Tlj and dividing x(t) into the sum of a right-sided signal jtjt(f) and a left- 
sided signal * t <j), as indicated in Figures 9.9(b) and 9.9(c). The Laplace transform of x{t) 
converges for values of j for which the transforms of both xr(1) and x L (i} converge. From 
Property 4, the ROC of JG{jcfr(f)} consists of a half-plane <sCe{s) > o- ff for some value cr fl , 
and from Property 5, the ROC of £{x L [t)} consists of a half-plane <R<e{s} < cr L for some 
value <r L , The ROC of £{x(t}} is then the overlap of these two half-planes, as indicated in 
Figure 9.10, This assumes, of course, that <t r < tr Ly so that there is some overlap. If this 
is not the case, ihen even if the Laplace transforms of jr rf (f) and x L {t) individually exist, 
the Laplace transform of x(t) does not. 
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*R<*> 
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(c) 



Figure 9.9 Two-sided signal divided into ttie sum of a flgtrt-sided and lett-sid&d sig- 
nal; (a) two-sided signat x{t): (b) ttre rignt-sided signal equal to x{t) for t > 7" and 
equal to for t < 7~ ; {c} the left-sided signal equal to x(t) for f < r and equal to for 
f> ft. 
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^fi 



(R, 



la) 



3m 



(b) 



I^L 



3*^ 



at, 



CTf 



to 



lff L 



(R* 



Ffgjre *.io \d) ROC for ^(f) in Figure 9.9; (b) ROC for x L [t) in Figure 
9.9; <c) the ROC for x{t) =±= x„(f) + x^t), assuming that the ROCs in (a) and 

(b) overlap 
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Example 9.7 



Let 



x(t) = e~**\ 



(9.47) 



as illustrated in Figure 9.11 for both b > and b < 0. Since this is a two- bided signal. 
Let u.& divide it into the sum of a right-sided and left-btded signal; that is. 



bi 



+*". 



*<0 - f ™*f(r) + f + *'iir-rX 



(9.4B) 



-bin 




Figure 9.1 ) Sjgnal x(fl = e~w for both * > ar>d 0< G. 



From Example 9,1, 



£ 1 

5 + & 



(9.49) 



and from Example 9.2, 






(9.50) 



Although the LapJace transforms of each of the individual terms in eq. (9.48) have a 
region of convergence, there is no common region of convergence if b ^ t and thus, 
for those values of*, jr(f) has no Laplace transform. If £ > 0, the Laplace transform cf 
x(t) is 



,-M 



1 



I 



-2fr 



j + fr s - £ s 2 - b 2 



, -b<<R-e{s}< +b. 



(9.51) 



"Hie corresponding pofe-zero plot U shown in Figure 9,12, with the shading indicating 
the ROC. 
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Figure 9.TZ Pole-zero plot and HOC for Example 9.7 

A signs] either does not have a Laplace transform or falls into one of the four cate- 
gories, covered by Properties 3 through 6. Thus, for any signal with a Laplace transform, 
the ROC must be the entire j-plane (for finite-length signals), a Left-half plane (for left- 
sided signals), a right-half plane (for right-sided signals), or a single strip (for two-sided 
signals ) . In all the examples that we have considered, the ROC has the addit ional property 
that in each direction (i.e. t (R*{j} increasing and <R*{s} decreasing) it is. bounded h\ poles. 
or extends to infinity. In fact, this is always true for rational Laplace transforms: 



Property 7: If the Laplace transform AT(s) of x{i) is rational, then its ROC is bounded ! 
by poles or extends lo infinity. In addition, no poles of X(s) are contained in the ROC. j 



A formal argument establishing this property is somewhat involved, but iis validity 
is essentially a consequence of the facts that a signal with a rational Laplace transform 
consists of a linear combination of exponentials and, from Examples 9.1 and 9.2, that 
the ROC for the transform of individual terms in this linear combination must have the 
property. As a consequence of Property 7 T together with Properties 4 and 5. we have 



Property ft: If the Laplace transform X(s) of jc(j) is rational, then if x(t) is right sided, 
the ROC is the region in the s-plane to the right of the rightmost pole. If Mr) is left sided, 
the ROC is the region in the j-plane to the left of the leftmost pole. 



-^, J 



To illustrate how different ROCs can be associated with the same pole-zero pattern, 
let us consider the following example: 

Example 9.8 



Let 



X<s) = 



1 



C* + 1)Cj + 2V 



(Q.S2) 



with the associated pole-/£ro pallem in Figure 9. 1 3(a). As indicated in Figures 9. 1 _l{b)- 
(d) T there are three possible ROCs that can be associated with this algebraic expression, 
cone spending to three dLstinct signals. The signal associated with the pole-zero pat- 
tern in Figure 9.13(b) js right sided. Since the ROC includes the joi-axi^ the Fourier 
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Figure 9.1 3 (a) Pole-zero pattern for Example 9.8; (bt ROC corresponding 
to aright-sided sequence, (c) ROC corresponding to a left-sided sequence; 
(d) ROC corresponding to a two-sided sequence. 

transform of thjs signal converges. Figure 9- 13(c) corresponds to a Left-sided signal and 
Figtire 9, 13(d) ta a two-sided signal- Neither of these iwo signals have Fourier trans- 
forms, since their ROCs do not include the jot-axis. 



9.3 THE INVERSE LAPLACE TRANSFORM 

In Section 9-1 we discussed the interpretation of the Laplace transform of a signal as the 
Fourier transform of an exponentially weighted version of the signal; that is, with s ex- 
pressed as s = (7 4- jta, the Laplace transform of a signal x(t) is 



X{tr + /w) - fftr(f>" ff '} = 



■J. 



x(t)e 



-ttf-rjial 



dr 



(9.53) 



for values of s = g + j<a irvthe ROC. We can invert this relationship using the inverse 
Fourier trans form as given in eq< (4,9), We have 

or, multipJying both sides by ^ l7r J we obtain 

x(t) ^ _ ^■(cr + >V (ir+ J |W, 'rf*a. (9.55) 
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That is, we can recover x{n from its Laplace transform evaluated for a set of valuer of 
s = a- + jo> in the ROC T with cr fixed and w varying from -<c to + « t We can highlight 
this and gain additional insight inio recovering xir) from X{s) by changing the variable of 
integration in eq. (9.55) from <a to £ and using the fact that <r is constant, sothattfs -= jdw 
The result is the basic inverse Laplace transform equation: 



Zttj 



i ('■ J 
x(t) = - — X(s)e % 'ds 

JU J- 



(9.56) 



This equation states that x(t) can be represented asi a weighted integral of complex 
exponentials. The contour of integration in eq. (9.56) is the straight line in the i-plane 
corresponding to alt points s satisfying 6le{i} = ti\ This line is parallel to the ;t*>-aitis. 
Furthermore, we can choose any such line in the ROC — i,e, T we can choose any value 
of a- such that X((T + jta) converges. The formal evaluation of the integral for a general 
JT(j) requires the use of contour integration in the complex plane, a lopic that we will mit 
consider here. However, for the class of rational transforms, the inverse Laplat-e transform 
can he determined without directly evaluating eq. (9.56) by using the technique of partial- 
fraction expansion in a manner similar to that used Ln Chapter 4 to determine the inverse 
Fourier transform. Basically, the procedure consists of expanding the rational algebraic 
expression into a linear combination of lower order terms. 

For example, assuming no multiple-order poles, and assuming that the order of the 
denominator polynomial is greater than the order of the numerator polynomial, we can 
expand X{s) in the form 

X{s)= X -£-~. (937 J 

From the ROC of Jf(0* the ROC of each of the individual terms in eq i9 57) can be 
inferred, and then, from Examples 9. 1 and 9 % the inverse Laplace transform of each of 
these terms can be determined. There are two possible choices for the inverse transform 
of each term A t /(s +a,) in the equation If the ROC is to the right of the pole at a = -a,, 
then the inverse transform of this term is A, e a,f u{t) t a right-sided signal If the ROC is to 
the left of the pole at s = -a;, then the inverse transform of the term is -A,e~"'-'u(- n> 
a left-sided signal. Adding the inverse transforms of the individual terms in eq. (9.57) 
then yields the inverse transform of X{$). The details of this procedure are best presented 
through a number of examples. 

Example 9.9 

Let 

fa + l)fv 4- 2) 

To obtain the inverse Laplace transform, we first perform a partial-fractiun expansion to 
obtain 

I A R 

Xti) - — -r — — + —— f^.Wl 

{s + ])(j + 2) s + 1 s + 2 



672 



The Laplace Transform Chap. 9 



As discussed in the appendix, we can evaluate the coefficients A and B by multiplying 
both sides of eq. (9.59) by (s + l)(s ■+ 2) and then equating coefficients of equal powers 
of j on both sides. Alternatively, we can use the relation 



B = U.* + 2>jr<aHU-a = -I. 



Thus, the partial-fraction expansion for Xff) is 



*» - if i " rh ■ 



(9.60) 
(9.6n 



(9 62} 



From Examples 9.1 and 9.2 h we know thai there are two possible inverse trans- 
forms foi a transform of the form }fU +■ *r) T depending on whether the ROC js to the 
left ox the right of the pole. Consequently, we need lodetermjoe which ROC to associate 
wilb each of the individual first-order terms in eq. (9.62). This is done by reference to the 
pvnpenie& of th* ROC developed in Section 9.2. Since the ROC for Xis) is GU{s\ > - 1 , 
the ROC for the i ndi vidual terms in the partial-fraction expansio n cf eq . {9 ,62) indudts 
<R*{.t} > ™ L The ROC for each term can then he extended to the left or right (or both) to 
be bounded by a pole or infinity. This is illustrated in Figure 9,14. Figure 9.14(a) shows 
the pole-zero plot and ROC for X(s) h as specified in eq r 1 9 5 &), Figure 9 . 1 4(b) and 9 . 1 4( c> 
represent the individual terms in the partial-fraction expansion in eq. (9.62). The ROC 
for the sum isindicated with lighter shading. For the term represented by Figure 9.14(c), 
the ROC for the sum can be extended to the left &£ shovJTi, so that it is bounded b> a pole. 
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Figure 9.14 Construction of the ROCs fortha individual terms in tine 

partial-fraction expansion nf X{$\ in Example 9.8; (a) pole-zero plot and ROC 
Tor X[s)\ (to) pole at s = -1 and its HOC; (c) pole k $ = -2 and its ROC, 
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Since the ROC is to the right ot both poles, the same is true for each of the indi- 
vidual terms «ischti be seen in Figures 9.14(h) and fc>. Consequently, from Property 8 
in the preceding section, we know thut each of these term* corresponds to a righi-sided 
signal. The inverse transform of (he individual lerms in eq. (9.62) can (hen be obtained 
by re fcience I o Example 9.1: 

e 'u(t) " — !— . ffl*{.0> -1- ^.63) 



j + 1 
l_ 

J +2' 



*-- 2l uit) *-^-> - — -, <M*}> 2. (9.64) 



We thus obtain 



\e'-e 2 ')u(t) — * {JUij} > - 1. (9.65) 

{j + I ){s + 2} 

Example 9,10 

Let us now suppose that the algebraic expression for X(s) is again given by eq. {9 58), 
but that the ROC is now the left-half plane CR*{j} < -2, The partial -fraction expansion 
for X(j) relates only lo the algebraic expression, so eq. (9.62) is still valid. With this new 
ROC, however, the ROC is to the left of both poles and thus, the same tnust be true for 
each of the two terras in the equation. That is N the ROC for the term corresponding to 
the pole at s ■= — I is (R*e{r} < - 1 1 while the ROC for the term with pole at j = - 2 is 
QU{s) < -2. Then, from Fxample 9,2 T 

-e r «(-0 <J^ — !— , (Re{s} < - I, (9.o6) 

s +■ 1 

-e 2 ui-n *-^-+ — ^ Ote{s} < -2, (9.67) 

so that 

Mi) = [~e ' + e -'>(-<) *X> ' tfkfr} < 2. (9.68) 

(j -I- 1 }{s + 2 1 

Example 9, T T 

Finally, suppose that the ROC of X{s) in eq. (9.58) is -2 < dUM < - 1. In this case, 
the ROC is io the left of the pote at.f = - 1 so nhat this term corresponds to the left-sided 
SLgnalineq. (9.66), while the ROC is to the right of (he pole at s = -2 so that this term 
corresponds to the right-sided signal in eq r (9.54), Combining these, we find that 

t* ~r t }[A T ZJ 

As discussed in the appendix, when X(*) has multiple-order poles, or when the de- 
nominator is not of higher degree than the numerator, the partial -fraction expansion of X(s) 
will include other terms in addition to the first-order terras considered in Examples 9.9- 
9. 1 L In Section 9.5, after discussing properties of the Laplace transform, we develop some 
other Laplace transform pairs that, in conjunction with the properties, allow us to extend 
the inverse transform method outlined in Example 9.9 to arbitrary rational transforms. 
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9.4 GEOMETRIC EVALUATION OF THE FOURIER TRANSFORM 
FROM THE POLE-ZERO PLOT 

As we saw in Section 9.1, the Fourier transform of a signal is the Laplace transform evalu- 
ated on the jw-axis. In this section we discuss a procedure for geometrically evaluating the 
Fourier transform and, more generally, the Laplace tran&foim at any set (if values from the 
pole-zero pattern associated with a rational Laplace transform. To develop the procedure, 
tet us first consider a Laplace transform with a single zero [i.e., K(s) = s — d] 7 which we 
evaluate at a specific value of s, say, s = jj , The algebraic expression s\ - a h the sum 
of two complex numbers, S] and -a, each of which can be represented as a vector in the 
complex plane, as illustrated in Figure 9.15, The vector representing the complex number 
st — a is then the vector sum of St and —a, which we see in the figure to be a vector from 
the zero at .v = a to the point i* . The value of X(s i ) then has a magnitude that is the length 
of this vector and an angle that is the angle of the vector relative to the real -axis. If X{s) 
instead has a single pole at s - a [i.e., Xis) = \/(x - a)], then the denominator would be 
Teprcsented by the same vector sum of Si arid -a, and the value of X(s^) would have a 
magnitude that is Ihe reciprocal of the length of the vector from the pole to s = s t and an 
angle that is the negative of the angle of the vector with the real axis. 



4 




s-ptane 

Si 






^a a (ft* 



Figure 9.15 Complex plane rep- 
resentation of the .rectors ti, a, and 
d - a representing the complex num- 
bers $j< a, and si - a, respectively. 



A more general rational Laplace transform consists of a product of pole and zero 
terms of the form discussed in the preceding paragraph; that is, it can be factored into the 
form 






(9,70) 



To evaluate X(i> at s = S| T each term in the product is represented by a vector from the 
zero or pole to the point j t . The magnitude of X(j]) is then the magnitude of the scale 
factor M t times the product of the lengths of the aero vectors (i.e., the vectors from the 
zeros to j, ) divided by the product of the lengths of the pole vectors (he , the vectors from 
the poles to s } ). The angle of the complex number X($i ) is the sum of the angles of the zero 
vectors minus the sum of the angles of the pole vectors. If the scale factor Af in eq, (9.70) 
is negative, an additional angle of it would be included. If X{s) has a multiple pole or zero 
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t>7$ 



(or both), correspond! r*g to some of the a s 'a being equal to each other or s^me yf the /), '& 
bein£ equal to each other (or both), the lengths and angles of the vectors from each of these 
poles or zeros must be included a number of times equal to the order of the pole or zero. 

Example 9, 1 2 

Let 



X(S) = — -r. 



<R*{s}> --. 



C°71) 



Thv Fourier iranstorm is J^(j)|h - JW For this example, then, the Fourier transform is 

] 



X(j<u) = -■ 



j&> + 1/2 



(9.72) 



The pole-zern plot for X(s) is '.hown in Figure 9.16. To determine the Fourier transform 
graphically, wt construct the pole vector as indicated. The magnitude af the Fourier 
transform at frequency a> is the reciprocal of the length oflht vector from the pole 1o the 
point jot on the imaginary axis. The phase ofthe Fourier transform is ihe negative of the 
angle ofthe. vector. Geometric ally. From Figure 9.16, we can wriie 



\xtjt*rr - — 



<tf* + fl/2) 2 



(9.73) 



and 



<X(jat) ■= -ian"'2w. 



C9 74) 



s-plane 




Figure 9.16 Pole-zero slot for Example 9.12. \X{^)\ is the reciprocal or 
Ihe length of ihe vector shown, and <X{joj) is the negative of the angle ot the 

vector 

Often, part of the value of the geometric determination of the Fourier transform I ies. 
in its usefulness in obtaining an approximate view of the overall charac ten sties of the 
transform. For example, in Figure 9.16 + it is readily evident that the length of the pole 
vector monotonia ally increases with increasing to, and thus, the magnitude ofthe Fourier 
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transform will monotonically decrease with increasing w. The ability to draw general con- 
clusions about the behavior of the Fourier transform from the pole-zero plot is further il- 
lustrated by n consideration of general first- and second-order systems. 

9,4.1 First-Order Systems 

As a generalization of Example 9.12. let us consider the class of first-order systems that 
was discussed in seme detail in Section 6.5, 1 The impulse response for such a sysTem is 



1 



,-lfT. 



h{t) = -e~" T u{f). 

T 



(9.75i 



and its Laplace transform is 



!FT + )' 



■R«?M> --. 



\9 76) 



The pole-zero plot is shown in Figure9T7, Note from ihe figure that the length of the pole 
vector is minimal for w ~ and increases monotonically as w i increases. Also, the angle 
of the pole increases monotonically from to tt/2 as & increases from to «. 



$m 




s -plane 



fa 



Figure 9. } 7 Pole-zero plot tar tirst- 
crder system of eq. i9 76). 



From the behavior of the pole vector as hi varies, it is clear thai the magnitude of 
the frequency response Myjoj) monotonically depresses as m increases, while <.H{j<tj) 
monotonically decreases from to —ir/2, as shown in the Bade plots ftir this system in 
Figure 9. IS, Note also that^vhen to =± l/r t the real and imaginary parts of the pole vector 
are equal, yielding a. value of the magnitude of the frequency response that is reduced by 
a factor of Jl., or approximately 3 dB, from its maximum at o> = and a value of tt/& for 
the angle of the frequency response. This is consistent with our examination of first -order 
systems in Section 6.5.1* where we nsted that to = 1/r is often referred Ln as the 3-dB 
point or the break frequency — i.e. T the frequency at which the straight-line approximation 
of the Bode plot of \Hljo>)\ has a break in its slope. As we also saw in Section 6.5.1, the 
time constant r controls the speed of response of first-order systems, and we now sec that 
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Figure 9. 1 8 Frequency response 
for a first-order system. 



the pole of such a system at s = — 1/r is on the negative real axis, at a distance to the 
origin that is the reciprocal of the time constant. 

From our graphical interpretation, we can also see how changing the time constant 
or, equivalent! y, the position of the pole of H{$) changes the characteristics of a first-order 
system. In particular, as the pole moves farther into the left-half plane, the break frequency 
and, hence, the effective cotolT frequency of the system increases. Also, from eq. (9.75) 
and from Figure 6. 19, we see that this same movement of the pole to the left corresponds 
to a decrease in the rime constant t, resulting in a faster decay of the impulse response 
and a correspondingly faster rise time in the step response. This relationship hetween the 
real part t»f the pole locations and the speed of the system response holds more generally; 
that is t poles farther away from the jw-axis are associated with faster response terms in 
the impulse response. 



9,4.2 Second-Order Systems 

Let us next consider the class of second-order systems, which was discussed in some detail 
in Section 6.5.2. The impulse response and frequency response for the system, originally 
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given in eqs, (6,37) and (6,33i, respectively, are 

hit) - ML*?"' " r ts 'MO. (9-Ttt 

where 






and 



aij 



2^ :: 1 



//(j w > = — _ — i^L_ _. <9.78) 



The Laplace transform of the impulse response is 

For £ > J t n and <> are real and thus both poles lie on the real axis, as indicated 
in Figure 9.19(a). The ca.se of £ > 1 is essentially a product of two first-order terms, as 
in Section 9AA. Consequently, in this case \H(j&)\ decreases monotcnically as |u] in- 
creases, while tf-fiiju)) varies from at w — to — ir as w -t », This can be verified 
from Figure 9.19(a) by observing that the length of the vector from each of the two poles 
to the print s = jut increases monotonjcally as w increases From l), and the angle of each 
of these vectors increases from to v/2 as to increases from to » L Note also that as £ 
increases, one pole moves closer to the jw-axis, indicative of a term in the impulse re- 
sponse that decays more slowly, and the other pole moves farther into the left-half plane, 
indicative of a term in the impulse response that decays more rapidly. Thus T for large val- 
ues of £, it is the pole close to the ja>-axis that dominates the system response far large 
time. Similarly, from a consideration of ths pole vectors for I » 1 , as indicated in Fig- 
ure 9. 19(b), for low frequencies the length and angle of the vector for the pole close to 
the /cij-axis are much mure sensitive to changes in &j than the length and angle of the 
vector for the pole far from the jV-nxis. Hence, we see that for low frequencies, the char- 
acteristics of the frequency response are influenced principally by the pole close to the 

For < f < K Ci and t-j are complex, so that the pole-zero plot is that shown in 
Figure 9.19(c), Correspondingly, the impulse response and step response have oscilla- 
tory parti r We note that the two poles occur in complex conjugate locations. In fact, as 
we discuss in Section 9 r 5.5 t the complex poles £and zeros) for a real-valued .signal al- 
ways occur in complex conjugate pairs. From the figure — particularly when £ is small, 
so that the poles are close to the jw- ax is— as to approaches b>„J\ - g 2 , the behavior of 
the frequency response is dominated by the pole vector in the second quadrant, and in 
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Figure 9.19 [a) Pole-zero plot tor a second-order system with f > 1; (b) pole vec- 
tors for £ ^3> 1; (c) pole-zero plot for a s econds rder system with < £ < 1; (d) pole 
vectors J rjr < f < 1 and for &> = u^/1 - £2 an( j ffl _ ^J^"- gz ± ^ /im 
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particular, the length of that pole vector has a minimum at or = o> n J] - £ 2 . Thus, qua] 
itatively. we would expect the magnitude of the frequency response to exhibit a peak 
in the vicinity of that frequency. Becau se of the presence of the other pole, the peak 
will occur not exactly at &j = <a„J\ - £ 2 , but ai a frequency slightly less than this. A 
careful sketch of the magnitude of the frequency response is shown in Figure 9 20(a) 
foi a) n = 1 and several values of £ where the expected behavior m the vicinity of the 
poles is clearly evident. This is consistent with our analysis of second-order systems in 
Section 652, 




\K 



Figure 9.20 (a) Magnitude and (b) phase of the 1 frequency response for a 

second- order system with < f < 1. 
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Thus, for < i < 1 , the second-order system is a nonideal bandpass filter, with the 
parameter £ controlling the sharpness and width of the peak in the frequency response. In 
particular* from the geometry in Figure 9.19(d), we see that the length uf the pole vector 
from th e se cond-quadrant pole increases by a factor of Jl from its minimum at oy — 
oj n v ' 1 - ( 2 when oj increases or decreases from this value by £&;„. Consequently, ft>r small 
£+md neglecting the effect of" the distant third-quadrant pole, \II{jw)[ is within a factor of 
v'2 of its peak value over the frequency ranuc 



<u 



„ v' I - £ : - ^n < CJ < OJ Jr ^ 1 - £ Z + £ta n 

If we define the relative bandwidth B as the length of this frequency interval divided by 
the undamped natural frequency w Hl we see that 

fl = y. 

Thus, the closer £ is to zero, the sharper and narrower the peak in the frequency response 
is Note also that B is the reciprocal of the quality measure Q for second-order systems 
defined in Section 6.5.2, Thus* as the quality increases, the relative bandwidth decreases 
and the filter become* increasingly frequency selective. 

An analogous picture can be developed for <H{<o) t which is plotted in Figure 9,2(Hh) 
for tti H =* 1 and several values of £. As can be ^een from Figure 9.19(d^, the angle of 
the second-quadrant pole vector change s from -ir/4 to to tt/4 a> **> changes from 
w#t v 1 ~~ ( 2 ~ £w PJ to «„,/] - (r tu Ma J\ - C 2 ■+ £w„. For small values of £ t the angle 
for the third-quadrant pole changes very little over this frequency interval, resulting in 
a rapid change in <N(jat) of approximately tt/2 over the interval, as captured in the 
figure. 

Varying &>„ with £ fixed only changes the frequency scale in the preceding 
discussion — i.e. |H{^)| and <H{eo) depend only on Ww rt , From Figure 9-.L9(c) h we 
also can readily determine how the poles and system characteristic?; change as we vary 
£, keeping w„ constant. Since cosfl = £ t the poles move along a semicircle with fixed 
radius tt> n . For f = 0, the two poles are on the imaginary axis. Correspondingly, in the 
time domain, the impulse response is sinusoidal with no damping. As £ increases from 
to 1 T the two poles remain complex and move into the left-half plane, and the vectors 
from the origin to the poles maintain a constant overall magnitude &„. As the real part of 
the poles becomes more negative, the associated time response will decay more quickly 
as t —> «. AJso, as we have seen, as £ increases from toward 1, the relative bandwidth 
of lhe frequency response increases, and the frequency Tesponse becomes less sharp and 
less frequency selective. 

9.4.3 Art-Pass Systems 

As a final illustration of the geometric evaluation of the frequency response, let us con- 
sider a system for which the Laplace transform of the impulse response has the pole-iero 
plot shown in Figure 9.21(a). From this figure, it is evident that for any point along the 
J<u-axis, the pole and zero vectors have equal length, and consequendy, the magnitude of 
the frequency response is constant and independent of frequency. Such a iy.^tem is t:om- 
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Figure 9.2| (a) Pole-zero plot for an all-pass system; (t>) magnitude and 
phase of an all-pass frequency response, 

monly referred to as an ail-pass system, since it passes all frequencies with equal gain (or 
attenuation). The phase of the frequency response is d\ - &2> or T since 6\ = tt - & 2 * 



<H{jw) - TT-2d 2 - 
Fr<wn Figure 9.2 K&>* 02 = tan '(to/a), and thus, 

<H{j<a) - TT-2tan~'|-Y 

The magnitude and phase of F " /w) are Illustrated in Figure 9.21(b). 



(9,S0) 



(9S\) 



9.5 PROPERTIES OF THE LAPLACE TRANSFORM 

In exploiting the Fourier transform, ^e ielied heavily on the set of properties developed 
in Section 4.3. In the current section, we cnnsider the corresponding set of properties for 
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the Laplace transform. The derivations of many of these results are analogous to those 
of the corresponding properties for the Fourier transform. Consequently, we will not 
present trie derivations in detail, some of which are left as exercises at the end of the 
chapter. (See Problems 9.52-9.54.) 

9. 5. 1 Linearity of the Laplace Transform 

If 

tt , £ v i v with a region of convergence that 



and 



, - £ v , , with a region of convergence that 
XM ^*^> will be denote as * 2 . 



then 



ajC](/> + *jc 2 (0 « — > aX\(s) + bXiis), with ROC 

containing R\ n fl 2 . 



(9,82) 



As indicated, the region of convergence of X{s) is at least the intersection of tf , and R 2 , 
which could be emply, in which case X{s) has no region of convergence— i.e., x(i) has 
no Laplace transform. For example, for x(t) as in eq, (9.47) of Example 9.7, with b > 
the ROC for X{s) is the intersection of the ROCs for the two terms in the sum If b < 0, 
there are no common points in R[ and R2', that is, the intersection is empty, and thus, x(t) 
has no Laplace transform. The ROC can aJso be larger than the intersection. As a simple 
example, for x { (t) = jr 2 (0and a = -b in eq T (9.S2), *(r) = 0, and thus, X(s) -= 0. The 
ROC ofX(s) is then the entire j-pfane. 

The ROC associated v/ith a linear combination of terms can always be constructed 
by using the properties of the ROC developed in Section 9.2, Specifically, from the inter- 
section of the ROCs for the individual terms (assuming that it is not empty), we can find a 
line or strip that is in the ROC of the linear combination. We then extend this to the right 
({R«?fc} increasing) and to the left ((R*\s) decreasing) to the nearest poles (which may be 
at infinity). 

Example 9. 1 3 

In this example, we illustrate the fact that the ROC for the Laplace transform of a linear 
combination of signals can sometimes extend beyond the intersection of the ROC* for 

the individual terms. Consider 

Jt(0 = x\V) - x 2 (fl (9.S3) 
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where the Laplace [nmsfamis jf x\ (t) and x±{r} are T respectively. 



■9.84) 



and 



X 2 (s) = 



1 



(j+ I)(j + 2j' 



tffcr{s}> -I. 



(9. 85) 



The p&lwen> plot, including the ROCs for Xi(j) and X 2 (s) T is shown in Figures 9 22(a) 
and(b). From eq. (9.82), 



*(-*> « 



1 



A" > 1 



1 



.f + "f (5 + ])(* + 2) If + l"X* + 1} s+2' 



i9 86) 



Thus, in the linear combination of x\(t) and X2{t), the pole at s = - 1 is canceled by a 
zeroati = -1 The pole-zero plot for X(s) = #,{*-) -Ka(s) is shown in Figure 9 22(c)- 
The intersection <if the ROCs for JC, (a) and X ? (jj iy (fii{j} > - ] . However, since the 
ROC is always bounded by a pole or infinity, for this example the ROC for X(s) tan be 
extended to the left to be bounded by the pole at s = -2, as a result of the pole-zero 
cancellation at j = -1 
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Figure 9.22 Pole-zero plots and ROCs for Example 9.13' (a) X,($); 
(b) X a is): (c) Xi(sj - A^s}. The ROC for X,{s) - X> t {$) includes the inter- 
section of R f and ^. which can then be exterded to be bounded by the pole 
al s ^ - 2. 



9.5,2 Time Shifting 

If 



then 



*{t) < — * X(s). with ROC = R, 



x(t - f ) 



e~^X(s\ with ROC = R. 



(9 87) 
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9.5.3 Shifting in the s-Domairr 



If 



then 



x(t) * — > X{s), with ROC = R, 



£ 



e^'xit) * — * X(s - &q\ with ROC - R + <R^fs } 



&m 



That is, the ROC associated with X{s - sq) is thatof X(&) y shifted by (R-tffo)}, Ttuis, for any 
value s that is in R, the value s + (R£{sn} will be in R\ . This is illustrated in Figure 9.23. 
NoLe thatif J Y(j)hasapolcorjKroat 1 y = H.thenX(j — ^i)hasa poleor zero au-jg - a — 
i.e., s — a -+- iy. 

An important special case of eq (9.8ft) is tthen Si\ — jai — i.e., when a signal jr(f) 
is used to modulate a periodic complex exponential W" ■', In this case, eq. (9.8R) becomes 



£'""»' .r{f) < — > ^-jw )i with ROC = tf. 



(9.89) 



The righc-hand side of eq (9,89) can be interpreted as a shift in the j-plane parallel lo 
the j4>~axis. That is, if the Laplace transform of j(f) has a pule or zero at s =■ a, then the 
Laplace iransfurm of e^'xtf) has a pole or zero at j ; = a 4- M> 

9.5.4 Time Scaling 

If 

x(t) *-^> X(a\ with ROC = R, 



$m 



l s-plane 



(a) 



<Re 



3m 



7T 

s I 
r? ( #* (So) I 



I s- plane 



'1 * 



I r i + GW (so) 



(b) 



Figure 9,23 Effect on the ROC of shifting in the s-d&main. (ai the ROC of 
X{$Y,(ti) the ROC of X(s- 5b), 
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then 




(9 90) 



That is T for any value s in R [which is illustrated in Figure 9.24(a)], (he value sla wil] 
be in /? Lt as illustrated in Figure 9.24<b) for a positive value of a > 1. Note that, for 
a > 1, there is a compression in the size of the ROC of JT(j) by a factor of l/a T as depicted 
in Figure 9.24(b), while for < a < 1, the ROC is expanded by a factor of Ma, Also, 
eq, (9.90) implies that if a is negative, the ROC undergoes a reversal plus a scaling. In 
particular, as depicted in Figure 9.24(c), the ROC of lt\alX(sfa) forO >■ a > - 1 involves 
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Figure 9.24 Effect on the ROC of 
time scaling: (a) ROC of X{$y, (b) ROC 
of (V\a\)X{s/<i) for a > 1; (c) ROC of 
{V\a\)X{sfa) for > ^ > -1. 
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a re versa] about the /&>-axi$, together with a change in the size of the ROC by a factor of 
1/laL Thus, time reversal of x(n results in a reversal of the ROC. That is. 



x{-r) * — * X(-s), with ROC = -R. 



(991) 



9.5.5 Conjugation 

If 



then 



x(t) * — * X{s). with ROC - R> 



x*(t) « — > X*(s*\ with ROC = R, 



Therefore, 



X(s) = X"(s*) when x(t) is real. 



19.92) 



<9.93) 



(9,94) 



Consequently, if jr(/) is real and Lf X{s) has a pole or zero at s = j (i.e., if X(s) is un- 
bounded or zero at s = s^) y then X(s) also has a pole or zero at the complex conjugate 
point s - Sq. For example, the transform X{$) for the real signal x(t) in Example 9.4 has 
poles at s = 1 ± 3 j and zeros at j = (—5 ± jJTiyi. 



9.5.6 Convolution Property 
If 



x\{T) *— ■* Xt{s), with ROC = rt lh 



and 



then 



Mt) «— * X 2 (s\ 



with ROC = R 2> 



x-XO* -*2<» < — * X] (s)X2{s), with ROC containing Ri n R 2 , 



(9.95) 



In a manner similar to the linearity property set forth in Section 9.5.1, the ROC of 
X](s)X2is) includes the intersection of the ROCs of X\ {s) and X 2 {s) and may be larger if 
pole- zero cancellation occurs in the product. For example, if 



X,0) = 



j + 1 

s + 2' 



«*{*}> -2, 



i'9.96) 
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and 

*:(*) = ^f 0WW> -I. (9.97) 

then Xt(s)Xi{s) = 1, and its ROC is the entire s-plane. 

As we saw in Chapter 4, the convolution property in the context of the Fourier 
transform plays an important role in the analyst of linear time -invariant systems. In Sec- 
tions 9.7 and 9.8 we will exploit in some detail the convolution property for Laplace trans- 
forms for the analysis of LIT systems in general and. more specifically, for the class of 
systems represented by linear cons taut- coefficient differential equations. 

9,5.7 Differentiation in the Time Domain 

If 

j(/) *^+ X{s\ with ROC = R, 
then 

~Y^ « — ► sXUl with ROC containing R. (9.98) 

™ „ . __ 

This property follows by differentiating both sides of the inverse Laplace transform as 
expressed in equation (9.56). Specifically* let 

Ittj J ff _ , B 



{) f sXWds. (9.99) 



Then 



dt l^jlj-j^ 

Consequently, dx{r)tdt is ihe inverse Laplace transform of sX(s% The ROC of sXCs) in- 
cludes the ROC of A'(j) and may be larger if X(&) has a firsi-order pole at i = that is 
canceled by the multiplication by r. For example, if x(t) *= H(t)»then Jft?) = 1/?, with an 
ROC that is (Re{s\ > 0, The derivative of x(t) is an impulse with an associated Laplace 
transform that is unity and an ROC that is the entire j-plane. 

9,5,8 Differentiation in the s-Domain 

Differentiating both sides of the Laplace transform equation (9.3), ie. t 

X(s) = f xifo-^dt, 

we obtain 

dX{sy 



dx 



f~t\r(t\*-'>' 



?)x{t)e-''dt. 
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Consequently, if 



then 



£ 



x(t) * — * X(s\ with ROC = /?, 



-tx(t) * — * — pA 
as 



with ROC = rt. 



The next two examples illustrate the use of this property. 

Example 9, 1 4 

Let us find the Laplace CTimsfurm of 

Since 

£ 1 



it follows from eq. (9.100) that 

^ d 



a + a 



fltejtf > -a. 



r*- "Vr) 



4s 



j + a 



1 



<j + a) 2 ' 



<JU{j} > a. 



In fact, by repeated application of eq. {9.100k we obtain 



/- 



-<T H V) 



1 



{s + a)- 1 ' 



AM*} > -a. 



and, more generally. 



#it-i 



(n - 1)! (f + a)* ' 



(9,100) 



O 101J 



<9.102) 



(9.103) 



(9.104) 



As the next example illustrates, this specific Laplace transform pair is particularly use- 
ful when applying partial-fraction expansion to the determination of the inverse Laplace 
transform of a rational function with multiple-order poles, 

Example 9. 15 

Consider the Laplace transform 

Applying the partial-fraction expansion method described in the appendix, we car write 



X{s) = 



(y-M) 2 (j + 1) s + 2 



1 + -^, &*$!)> -L 



(9 105) 
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Since the ROC is to the right of the poles at j = — ] and —2, the inverse transform of 
each of the terms is a right- sided signal* and, applying eqs, (9. \ 4) and (9. 1 Ot), we obtain 
the inverse transform 



x(t\ = {he'' - €~' + 3e"'"lu^)- 



9.5.9 Integration In the Time Domain 



If 



then 



jc(0 * — * X{s\ with ROC - K 



jc(t>^t ^— * - Y(s), with ROC containing 
s RH P4j} > 0}. 



(9,106) 



This property is the inverse of the differentiation property set forth in Section 9.5,7. It can 
be derived using the convolution property presented in Section 9.5.6. Specifically, 



i: 



Jc{r)dT = u(;) * x(t). 



From Example 9, 1, with a = 0, 

w(0 



£ ] 



tfta{j} > 0, 



and thus, from the convolution property, 



u(t)*x(t) J^ -X{sl 



(9.107) 



(9.108) 



(9.109) 



with an ROC that contains the intersection of the ROC of X(s) and the ROC of the Laplace 
trans form of u(.t ) in eq. (9.108 ), which re suits in the ROC given in eq . (9 . 1 06) 



9.5- 1 The Initial- and Final- Value Theorems 

Under the specific constraints that x(t} = for / < and that x(t} contains no impulses 
or higher, order singularities at the origin, one can directly calculate, from the Laplace 
transform, the initial value x{0 + ) — i.e,, x{0 as r approaches zero from positive values of 
t— and the final value— i.e., the limit as t — * ™ f x(t). The initial-value theorem states 
that 



*(0 + ) ** \tmsX(s\ 

while the final-value theorem says that 

lim jc(t) = limjjf(j). 

The derivation of these results is considered in Problem 9.53, 



(9.110) 



(9111) 
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Example 9.16 

The Initial- and final-value theorems can be useful in checking the correctness of the 
Laplace transform calculations for a signal. For example, consider the signal *\t) in 
Example 9.4, From eq, {9-24} h we i*e that x(Q + ) = 2. Also, using eq. (.929), we find 
that 



litn sX(s) = lim — — — — — - 

»-* *-* s T + 4j 2 + 14s + 20 



= 2, 



which is consistent with the initial-value theorem in eq. [9.U01, 

9.5,1 1 Table of Properties 

In Table 9, 1, wc summarize the properties developed in this section. In Section 9,7, 
many of these properties are used in applying the Laplace transform to the analysis and 
characterization of linear time-invariant systems. As we have illustrated in several exam- 
ples, the various properties of Laplace transforms and their ROCs can provide us with 



TABLE 9.1 PROPERTIES OF THE LAPLACE TRANSFORM 



Section. 


Property 


Signal 


Laplace 
Transform 


ROC 












R 


9.5,1 
9 5.2 

9.5.3 


Linearity 

Time shifting 

Shifting in the t-Domain 


x{t - Ut) 




At leant /f, n J?j 

Shifted version of tf (i.e. 
ill the ROC if s - v tl n 


J IS 

in R) 


95* 

95 5 
9.5.6 


Time scaling 

Conj Ligation 
Convolution 


x{a!) 

X^t)*X2.{t) 


L M S -) 


Scaled ROC U e., ( is in 

ROC if j/aiMiiff) 

At least /?, n R? 


the 


957 


Differentiation m the 
Time Dumain 


S*> 


sXi.s) 


At least J? 




9.5.S 


Differentiation in the 
j-Dumain 


-txit) 


as 


* 




9.5.9 


Integration in the Time 
Domain 


[ x(t)J(t) 


-X{i) 


At least if n {(Rsejjl -> 0} 




9,5.10 


lfil/1 - for t < and 


Initial- and Fi 
x(r) contains nu i 


naJ- Value Theoremi 
Aipul.ses nr highej-o 

= lim sX{s) 


rder singularities it i = <i, 


then 






lira j( 


) = hmsX(s) 
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considerable information about a signal and its transform that can be useful either in char- 
acterizing the signal or id checking a calculation. In Sections 9.7 and 9.8 and in some of 
the problems at the end of this chapter, we give several other examples of the uses of these 
properties. 



9.6 SOME LAPLACE TRANSFORM PAIRS 



As we indicated in Section 9.3 t the inver.se Laplace transform can often be easily evaluated 
by decomposing X{s) into a linear combination of simpler terms, the inverse transform 
of each of which can be recognized. Listed in Table 9.2 are a number of useful Laplace 



TABLE 9.2 LAPLACE TRANSFORMS OF ELEMENTARY FUNCTIONS 



Transform 

pair 



Signal 



Transform 



ROC 



1 

2 

4 
5 
6 
7 

8 

9 

10 

II 

12 
13 
14 
15 
16 



uit) 

^- 1 
r"- ] 



■t a, u(t) 



(a- Or 
■t^or* a ' u< - f) 

[COiWflfJaff) 



u*{t) - 



dr 



n- n (t) =■ u{i) * ■ ■ - * nit) 

' 1 ' 

p times 



i 

1 

5 

J" 
J_ 



s +■ a 
I 

I 

(l -I- ff )" 

1 



j + or 



<J + Of > ! + wg 



All s 
<Ae{j|>0 

0t*{j} <r 

(Re{j) > 

<R*M < D 
<W*{j> > - a 
(fl*{s} < -a 
0"Ur{j} > -a 

(A«{j} <: -a 
AH j 
<R*M > 

[Riff j} > 

tfUfj} :> -a 

OUfj} > -a 

At j 
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transform pairs. Transform pair 1 follows directly from eq. (9,3), Transform pairs 2 and 
6 follow directly from Example 9. 1 with a - and a - a, respectively. Transform pair 
4 was developed in Example 9 14 using the differentiation property. Transform pair 8 
follows from transform pair 4 using the property set forth in Section 9.5.3. Transform pairs 
3, 5, 1, and 9 are based on transform pairs 2,4, 6 and S, respectively, together with the time- 
scaling properly of section 9,54 with a ■*=■ — 1. Similarly, transform pairs 10 through 16 
can all be obtained from earlier ones in the table using appropriate properties in Table 9.1 
(see Problem 9.55), 

9.7 ANALYSIS AND CHARACTERIZATION OF LTI SYSTEMS USING 
THE LAPLACE TRANSFORM 

One of the important applications of the Laplace transform is in the analysis and character- 
ization of LTI systems. Its role for this class of systems stems directly from the convolution 
property (Section 9.5.6). Specifically, the Laplace transforms of the inpuL and output oTan 
LTI system are related through multiplication by the Laplace transform of ihe impulse 
response of the system. Thus, 

Yis) = ms)XU\ (91 12) 

where X(s), Y[s) t and H(s) are the Laplace transforms of the input, output, and impulse 
response of the sysietn, respectively. Equation (9.112) is the counterpart, in the context 
of Laplace transforms, of eq. (4.56) For the Fourier transform:. In fact, for s = joy. each 
of the Laplace transforms in eq. (9. 112) reduces to the respective Fourier transform, and 
the equation corresponds exactly to eq. (4.56). Also, from our discussion in Section 3,2 
on the response of LTI systems to complex exponentials, if the input to an LTI system is 
x(l) = e u , then the output will be H(s)e' ,t \ i.e., e*' is an eigenfunction of the system with 
eigenvalue equal to the Laplace transform of the impulse response. 

For.r = /<*>, H{s) isthe frequency response of the LTI system. In the broader context 
of the Laplace transform, H(x) is commonly referred to as the system function or, alter- 
natively the transfer function. Many properties of LTI systems can be closely associated 
with the characteristics of the system function in the ^-plane We illustrate this next by 
examining several important properties and classes of systems, 

9.7.1 Causality 

For a causal LTI system, the impulse response is zero for t < and thus is right sided. 
Consequently, from the discussion in Section 9.2, we see thai 



The ROC associated with the system function for a 
causal system is a right-half plane. 



it should be stressed, however, that the converse of this statement is not necessarily 
true. That is, as illustrated in Example 9. 19 to follow, an ROC to the right of the rightmost 
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pole does not guarantee that a system is causal; rather, it guarantees only that the impulse 
response is right sided. However, if H(s) is rational, then, as illustrated in Examples 9 J 7 
and 9. IS to follow, we can determine whether the system is causal simply by checking to 
see if its ROC is aright-half plane. Specifically, 



For a system with a rational sysiem function, causality 
of the system is equivalent to the ROC being the 
right-half plane to the right of the rightmost pole. 



Example 9,17 

Consider a system with impulse response 

W.T) = e "'*({/). (9.113) 

Since h{t ) = for t < 0, this system is causal. Also, the systefn function can be obtained 
from Example 9. 1 , 

H(s) = ——, flte{4 > " 1- (9.114) 

in this case, the system function is rational and the ROCineq. (9.114) is to the right of 
the rightmost pole, consistent with our statement that causality for systems with rational 
system functions is equivalent to the ROC being to the right of the rightmost pole. 

Example 9. 1 8 

Consider a system with impulse response 

h(t) =*"". 

Since h(t) ^ for .' <; T this system is not causal. Also, from Example 9.7, the system 
function is 

ff{s) = -P^r, -1 <<Ms}< +1. 

5* — 1 

Thus. H{s) is rational and has an ROC that is nat to the right of the the rightmost pole, 
consistent with the fact that the system is not causal. 

Example 9.19 

Consider the system function 

His) = -?—, tfk{*} > ~1. (9115) 

5 -r l 

For this system, the ROC is to (he right of the rightmost pole. Therefore, the impulse 
response must be right sided To determine the impulse response, we first use the result 
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of Example 9, J: 

e r u(i) «^-» - '— > AM*} > -L (9.116) 

s ■+■ t 

Next, from the time-shifting property of Section 9.5.2 [eq. (5.87)1 the factor e ' in eq. 
(9. 115) can be accounted for by a shift in the time function in cq. (9.11 61 .Then 

e f ' H '«</+■ 1) « "^r h tfW{j}> -I, (!M17) 

j + 1 

so that the impulse response associated with the system is 

k(t)= *- (,M >u(i + 1), C911S) 

which is nonzero for — 1 < t < 0, Hence, the system is not causal. This example serves 
as a reminder that causality implies that the ROC is to the right of the rightmost pole 
but the converse m not in genera] true H unless the system function is rational. 

In an exactly analogous manner, we can deal with the concept of anticausality. A 
system is anticausal if its impulse response h{t) = for r > 0. Since in that case h{t) 
would be left sided, we know from Section 9.2 that the ROC of the system function H(s) 
would have to be a left-half plane. Again, in general, the converse is not true. That is, if 
the ROC of His) is a left-half plane, all we know is that h{t) is left sided. However, if H(j) 
is rational, then having an ROC to the left of the leftmost pole is equivalent to the system 
being anticausal. 

9.7.2 Stability 

The ROC of H(x) can also be related to the stability of a system. As mentioned in Sec- 
tion 2.3,7, the stability of an LTI system is equivalent to its impulse response being abso- 
lutely integrable, in which case (Section 4.4} the Fourier transform of the impulse response 
converges. Since the Fourier transform of a signal equals the Laplace transform evaluated 
along the j<c}-a\ia» we have the following: 



An LTI system is stable if and only if the ROC of 
its system function H(s) includes the joi-axis [i.e., 
&*{*} - 0]. 



Example 9.20 

Let us consider an LTI system with system function 

"<" - (fT^hry <* lI9 > 

Since the ROC tisift nut been specified, ve know from our discussion in Section 9.2 that 
there aje several different ROCs. and, consequently, several different system impulse re- 
sponses that can be associated with the algebraic expression for //(j) given in eq. (9.119). 
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If, however, we have information about the causality or stability of the system, the ap- 
propriate ROC can be identified. For example, if the system is known to be causal, the 
ROC wi!] be that indicated in Figure 9.25{a) t with impyise response 



h{1) = [le ' + i e- 



«to 



(9.120) 



Note that this particular choice of ROC does not include the jtJ-axis T and consequently, 
the corresponding system is unstabJe (as can be checked by observing that h{i) is not 
absolutely integrahlc). On the other hand, if the system h known to be stable, the ROC 
is that given in Figure 9.25(b). and th? corresponding impulse re&pun^ i\ 

A(0 = ?* r u(r>- i*=' M (-r) p 

which is absolutely inte->rable. Finally, for the RDC in Figure 9.25(c), the s}*tem is 
anticausaJ and unstable, with 



Kt\ = -fee r +i e ! 'W-o 



s-pjane 





to 



(b) 



dm 



~©-X- 

1 2 



s-plane 



Ofc 



Ce) 



Figure 9.25 Possible ROCs for the system ftinctiDn ot Example 9,20 wrth 
poles at $ = -1 and s = 2 and a zero at s = 1; (a) causal, unstable system; 
(b) noncausa. stable system; [t] anticausal, unstable system. 
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It is perfectly possible, of course, for a system to be stable (or unstable) and have 
a system function that is not rational. For example, the system function in eq, (9,115) is 
not rational, and its impulse response in eq. (9.118) is absolutely integrable. indicating 
that the sy&tem is stable. However, for systems with rational system functions, stability is 
easily niLcrpreted in terms of the poles of the system. For example, for the pole-zero plot in 
Figure 9.25, siability corresponds to the choice of an ROC that is between the two poles, 
so that the jw-axis is contained in the ROC, 

For one particular and very important class of systems, stability can be characterized 
very simply in terms of the locations of the poles. Specifically, consider a causal LTI system 
wiih a rational system function H{s). Since the system is causal, the ROC is to the right of 
the rightmost pole. Consequently, for this system to be stable (i,e., for the ROC to include 
the y^-axis), the rightmost pole of H{s) mast be to the left of the j^-axis. That is. 



A causal system with rational system function //(s) 
is stable if and only if all of the poles of H($) lie in 
the left-half of the j-plane — i.e r , all of the poles have 
negative real parts. 



Example 9.21 

Consider agam the causal system in Example 9.17. The impulse response in eq. (9.113) 
is absolutely integrable, and thus the system is stable. Consistent with this, we see that 
the pole of tf(j) m eq. (9-114) is at j - -1, which is in the left-half of the j-plane. In 
contrast, the causal system with impulse response 

is unstable, since h(i} is not absolutely integrable. Also, in this case 

His) l — . &*U\ > 2, 

s — 2 

so the system has a pole at j = 2 in the right half of thes-ptane. 

Example 9.22 

Let us consider the class of causal second-order systems previously discussed in Sec- 
tions 9.4.2 and 6,5.2. The impulse response and system function are, respectively 



h(t) - A#[e 11 ' - e^'MO <9,l2l) 



and 
where 



«>i «>l 




a 122) 


s 2 + 2£to„s + n>l (s - r r )U - 


-c*y 


c\ = -£*!„ + «„v£ 2 ~ K 


<9.123) 




(9.124) 
(9.125) 
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69* 



The Laplace Transform Chap. 9 



3m 



I 
I 

I 
J 

4 



-Ww\\ 



I 

X 



a-ptene 



&.* 



Figure 9 .26 

with i < 0. 



Pole locations end ROC for a causal second-order system 



In Figure 9,19. we illustrated the pole locations for £ > 0. In Figure 9.26 t we illustrate 
the pole locations for £ < 0. As is evident from the Latter figure and from eqs. , (9. 1 24) 
and (9 125), for f < both poles have positive real parts. Consequently, for f < 0, the 
causal second-order system cannot be stable r This is also evident in. eq. (9J21K since, 
withtft^ci) > OaildtR^fcj} > 0, each term grows exponentially as* increases, and thus 
Mi) cannot be absolutely intertable. 

9.7.3 tt\ Systems Characterized by Linear Constant-Coefficient 

Differential Equations 

In Section 4.7, we discussed the use of the Fourier transform to obtain the frequency re- 
sponse of an LTI system characterized by a linear constant-coefficient differential equation 
without first obtaining the impulse response or time-domain solution. In an exactly anal- 
ogous manner, the properties of the Laplace transform can be exploited to directly obtain 
the system function for an LTI system characteriied by a linear constant- coeffici cut dif- 
ferential equation. We illustrate this procedure in the next example. 

Example 9.23 

Consider an LIT system for which the input x(i) and outpuL yii) satisfy the linear 
constant-coefficient differential equation 



dt 



+ 3y{l) = x{l). 



(9.126) 
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Applying the Laplace transform 10 both sides of eq. (9, 1 26), ami using the linearity and 
differentiation properties set forth in Sections 9.5.1 and 957, respectively [(eqs. {9,82) 
and (9-98)^ we obtain the algebraic equation 



sY(s)+ 3Y(s) = X(s), 
Since, from eq. (9. 1 1 2), the system function is 



(9.127) 



we obtain, for this system, 



H(s) = 



X(sY 



U(s) = 



j + 3 



(9.128) 



This, then, provides the algebraic expression for the system function, but not the 
region of convergence. In fact, as we discussed in Section 2.4, the differential equation 
itself is not a complete specification flf the LTl system, and there are. in general, differ- 
ent impulse responses, all consistent with the differential equation. If, in addition to the 
differentia! equation, we knov, that the sysLem is causal, then the ROC can be inferred 
to be to the right of the rightmost pole T *hfrh in this case corresponds to GUM > - 3, If 
the sysieat were known to be anticdusal, th*n the ROC associated with F/ts) would be 
tR*{j} < - 3. The cones pending impulse response m the causal case is 



hit) = e" J 'ii(r), 



whereas in the anLicausal case it is 



h{6 = -e-^ut-ft. 



(9.129) 



(9.130) 



The same procedure used to obtain H(x) from the differential equation in Exam- 
ple 9.23 can be applied more generally. Consider a general linear constant -coefficient dif- 
ferentia] equation of the form 



yv 






*=0 



dt k 



k=$ 



dt 1 



(9.131) 



Applying the Laplace transform to both sides and using the linearity and differenti- 
ation properties repeatedly, we obtain 



M 






(9.132) 



or 



ff(J) * 



' M 

x>**- 

1-0 



N 



(9.133) 



X***' 



i- o 
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Thus, the system function for a system specified by a differentia] equation is always ratio 
nal, with zeros at the solutions of 



M 



X**** * ° 



(9.134) 



Jt -= D 



and poles at the solutions of 



XV -ft 



(9.135) 



fe=0 



Consistently with our previous discussion, eq. (9.133) does not include a specification of 
the region of convergence of H{$), since the linear constant-coefficient differential equa- 
tion by Ltself does not constrain the region of convergence. However, with additional in- 
formation, such a* knowledge about the stability or causality of the system, the region of 
convergence can be inferred. For example, if we impose the condition of initial rest on the 
system, so that it is causal, the ROC will be to the right of the rightmost pole. 

Example 9.24 

An RLC circuit whose capacitor voltage and inductor current are initially zero constitutes 
an LT1 sy stem descnbable by a I i near tons tant-coef fi cient di fferent i al equan on Consi der 
the series RLC circuit in Figure 9,27. Let the voltage across the voltage source be the 
input signal x(0, and let the voltage measured across i)ie capacitor be the output signal 
y{t). Equaling the sum of the voltages across the resistor, inductor, and capacitor with 
the source voltage, we obtain 



dt 
Applying eq. (9. i 33), we obtain 

Hi*) = 



tt*m+Lc*m + m-«* 



dt 2 



ULC 



s 2 + (R/LU + (ULCy 



(9.136) 



(9 137) 



As shown jh Problem 9.64, if the values of R. L, and C are all positive, the poles of 
this system function will have negative real parts, and consequently, the sjstem will he 
stable. 




yu) 



Figure 9.27 A series RLC circuit 
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9,7.4 Examples Relating System Behavior to the System Function 

As we have seen, system properties such as causality and stability can be directly related 
to the system function and its characteristics. In fact, each of the properties of Laplace 
transforms thai we have described can be used in this way to relate the behavior of the 
system to the system function. In this section, we give several examples illustrating this. 

Example 9.25 

Suppuse wt know that if the input to an LTI system is 



then the output is 



r(!) = * "V*J- 



v(/> = \e-' - e 3 ' !«(/). 



As we now show, from this knowledge we can determine the system funcuon for this 
system and from this can immediately deduct a number of other propertEOsof the system 
Taking Laplace transforms of x{i) and yit\ we get 

X(s) = — U-. <Re{s} > -3, 



and 



s + y 



Y&) = 777 ^- ffl *f J } > - 



\s+ })(s +7)' 
From eq. (9.112), we can then conclude that 

Y(s) j + 3 s -+ 3 



H{j) = 



X(.f) <.* + 1).;* + 2) r + 3* + 2' 



Furthermore, we can also determine the ROC for this system. In particular, we 
know from the convolution property set forth in Section 9,5,6 that the ROC ot Yis ) must 
include ai least the intersections of the ROCs of Xis) and His). Examining the three 
pessible choicer for thi: ROC of W(.t> Ci.e., in the left of the pole at s = -2 h between the 
peles at —2 and -1, and lo the right of the pole at s - - 1), we see thai lhe anly choice 
that is consistent with the ROCs of X{s) and Y{s') is Gtefj} > - I. Since this is to the 
right of the rightmost pole of H[s), we conclude that //(j) is causal, and since both ^oles 
of H{s) have negative real parts, it follows that the system is stable. Moreover, from the 
relationship between eqs. (9. 131) and (9.133), we can specify the differentia] equation 
that, together with the condition of initial rest, characterises lhe system 

Example 9.26 

Suppose that we are given the following in formation about an LTI system; 

1* The system is causal. 

2 + The system function is rational and has only two pole^. at a — —2 and \ = 4. 
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3, Ifrtt) = h then >'(0 = a 

4. The value of the impulse response at r = + is 4. 

From this information we would, like to determine the system function of the system 

From the first two facts,, w-e know that the system is unstable (since it is causal and 
has a pole at s » 4 with positive real pari) and tliat the system function is of the form 



(s 4 2)(j - 4) j- - 2s - & h 

where jj(j) is a polynomial in ,t. Because the response v<r) to the input x{i) =■ 1 = -r" r 
must equal H(0\ V ' *= tf{0), we conclude, from fact 3, that p(0) - 0— i-e., that pU) 
must have a root at s = and thus is of the form 

pis) = sq(s'\, 

where q(.\) is another polynomial in s. 

Finally, from fact 4 arid the initial-value theorem in Section 9.5 10, we see that 



TV* s 2 - Is - 8 



limjW(s) - Jim-- — £-^ = 4 r (9.138) 



As s —* ™. the terms of highest power in j in both the numerator and the denominator 
of sff{s) dominate and thus are the only ones of imparlance in evaluating et|. (9.138). 
Furttermore, if the numerator hai higher degree than the denominator, the limit will 
diverge. Consequently* we can obtain a finite nonzero value for the limit only if the 
degree of the numerator of sH{s) is the same as the degree of the denominator Since the 
degree of the denominator J s 2 , we conclude that, for eq . (9. I 33) lo ha] d, q( j) niu&l be a 
constant — i.e., ^(j) = K. We cafl evaluate this constant by evaluating 

Ki 2 JTt 2 

KoiT- --- -^ = lim -g ^ K. (9.139) 

i—- i* — 2j - 8 *-»* s 2 

BquatLng ens. (9.L38) and (9^1 $9), we see that K =■ 4 H acid thus. 

Example 9.27 

Consider a stable and causal system with impulse response h{t) Atid system function 
H(s), Suppose H(i) is rational, contains a pole at j = -2, and does not have a zero at 
the origin. The location of all other poles and zeros is unknown. For each of the following 
statements let us determine whether we can definitely say that it is true, whether we can 
definitely say that it is false, or whether there is insufficient information to ascertain the 
statement's truth: 

(a) If { Aff)-e* r ^ converges., 

(b) \'I hU)dt = 0, 

(c) th(t) is the impulse response of a causa] and stable system. 
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|di dh(t}fdt contains at least one pole in its Laplace transform. 
it) hit) has finite duration. 
<f) ff( 4 ) =FH-a). 
Cg) lim,^ff(f) = 2. 

Statement (a) is false h since 3 : {/i{/)e- iJ } corresponds to the value of Ihe Laplace 
transform of h(l} at s — 3. If this converges t it implies that s = -3 is in the ROC. 
A causal and stable system must always have its ROC to the right of all of its poles. 
However* s = - 3 is not to the right of the pole at s = —2. 

Statement <b> is false 1 because it is equivalent to stating that H(0) — 0. This con- 
tradicts the fact that H(x) does not have a zero at the origin. 

Statement (c) is true. According to Tabic 9 J T the property set forth in Section 9 r 5 r 8, 
the Laplace transform of th(i) has the i>ame ROC as thai of H{s). This ROC includes 
the jfl>-axis and therefore, the corresponding system is stable. Also, h(t) = for r < 
implies that thU) = for r < 0. Thui h rh(t) represents the impulse response of a causal 
system. 

Statement (d) is true. According to Table 9A > dh(t)/dt has the Laplace transform 
sff(s\ The multiplication by s does not eliminate the pole at s = — 2. 

Statement (e) te false. If hir ) is of finite duration, then if its Laplace transform 
has any points in its ROC, the ROC must be the entire s plane. However, this is not 
consistent with H($) having a pole al s = -2. 

Statement (f) is false. If it were true, then, since H(s) has a pole at a = -2 t it 
must also have a pole at s = 2 This is inconsistent with the fact that all the poles of a 
causal and i table system must be in the left half of the j-plane. 

The truth of statement (g) cannot be ascertained with the information given. The 
statement requires that the degree of the numerator and denominator of H(s) be equal, 
and we have insufficient information about H{s) to determine whether this is the case. 



9.7.5 Butterworth Filters 

In Example 6.3 we briefly introduced the widely-used class of LTI systems known as 
Butterworth filters. The filters in this ol&ss have a number of properties, including the 
characteristics of the magnitude of the frequency respori.se of each of these filters in the 
pas^band, that make them attractive for practical implementation. As a further illustration 
of the usefulness of Laplace transforms, in this section we use Laplace transform tech- 
niques to determine the system function of a Butterworth filter from the specification of 
its frequency response magnitude. 

An Mil-order lowpass Butterworth filter has a frequency response the square of 
whose magnitude is given by 

|fltJ " M)|1 = i + gJw» - < 9140) 

where A' ss the order of the filter From eq. (9.140) h we would like to determine the system 
function B(s) that gives rise to |JJ(/w)| 2 , We first note that, b> definition, 

\B(jw)\ 2 = ff(jw)B*(j»). (91411 
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If we restrict the impulse response of the Butterworth filter lo be real, then from the prop- 
erty of conjugate symmetry Tor Fourier transforms, 

JTtfw) = B{-jta), (9.142) 

so thitf 

Bu*m-jw) - — -,-rl^z* (9 143) 

Next, we note that 5(j)[ h _y w - fl(jw), and consequently, frum eq. (9.143). 

BWJ(-j) - r *. ,^ (9.144) 

The roots of the denominator polynomial corresponding to the combined poles of 
#{s)£(-j)areat 

j = (-j)'^ JV (y w j J (9.145) 

Equation (9145) is satisfied for any value j = s r for which 

|i>| = at, (9.14(5) 

and 

fl-(2it -f 1) TT , 

<V = 2^ 2' klm inre S er - (9.147; 



that is, 

^r(2£-Mj 
27V 



j„ - w ( . expn 



+ 7T/2 



(9.148) 



In Figure 9,28 we illustrate the positions of the poles of B(s)B{-s\ for AT = 
1, 2, 3, and 6. In general, the following observations can be made about these poles: 

1. There are 2N poles equally spaced in angle on a circle of radius ^ in the j-plane. 

2. A pole never lies on the /w-axis and occurs, on the tr-axis for N odd, but not for 
N even 

3* The angular spacing between the poles of B{s)B{-s) is ttJN radians. 

To determine the poles of B(s) given the poles of B(s)B{— $), wc observe that the 
poles of B(s)B( -j) occur in pairs so that if there is a pole at $ = $?, then there is also 
a pole at s = ~s p . Consequently, id construct His), we chouse one pole from each pair 
If we restrict the system to be stable and causal, then the poles that we associate with 
BU) are the poles along the semicircle in the left-hslf plane The pole locations specify 
ft(j) only to within a scale factor. However, from eq. (9.144), weseethat £ z {.r)L - l,or 
equivalemly, from eq. (9.140), the scale factor is chosen so that the square nf the magnitude 
of the frequency response has unity gain at « = 0. 

To illustrate the determination of B{x), let us consider the cases N = 1. /V = 2. and 
N = Xln Figure 9.28 we showed the poles of B\s}B{-5), as obtained from eq. (9.148), 



Sec. 9 7 Analysis and Characterization of LTI Systems Using the Laplace Transform 



705 



tfrt* 



-x— 



N=1 



(R, 



£ 


m 


N=2 


X ^ 


"^ \ 




X 


X \ ZE 




/ \ 


/ ^ \ 4 




I \ 


/ \ \ 




\ / 


\ ;- 


{Rtf 


X 


X 




/ ^_ 


-' \ 





\ 




x- 


^X^ 


;\ 


/-. 


'./ 


\; 


x^ 


^x 


/ 


\ 



N=3 



3 



X 

' w c (ft* 



\ / 


N=6 


/ v x- 


-X' N 

\ 


ffU 



Figure 9-28 Position Of the poles Of 0(s)6(-si for H = 1,2, 3 H and 6, 

In Figure 9.29 we show the poles associated with B(s) for each of these values of /V. The 
corresponding transfer functions are: 



N = 1: 
JV = 2: 



£(j) = 



B<*) = 



ft),- 



J + ttf L 



«2 



(j +■ w c ^ W4 >)(j + <a f e-J lv/4) ) 



*? 



J 2 4- V2w c s 4 tu^ 



^ = 3: B(s) = 



a>* 



.3 



w; 



* 3 +■ 2w f j 2 + 2wjj + wj " 



(9149) 



(9150) 



(9.151) 



Based on the discussion in Section 9.7.3, from B{s) we tan determine the associated 
linear constant-coefficient differential equation. Specifically, for the foregoing three values 
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Figure 9.Z9 Position of the poles of B[s) 1or W =^ 1 F 2, and 3 
of N+ the corresponding differential equations are: 



N = 1 : 

N = 2: 



Jv(0 



tfr 



- + w,..y(/) = to c x{r); 



^W^.^^MO^^O; 



N=l: ^+^^+2^^ = ^,, 



(9.152) 
(9 153) 
(9.154) 



9.8 SYSTEM FUNCTION ALGEBRA AND BLOCK DIAGRAM REPRESENTATIONS 

The use of the Laplace transform allows ti> to replace time-domain operations such a& 
differentiation, convolution, time shifting, and so on, with algebraic operations. We have 
already seen many uf the benefits of this in terms of analyzing LTI systems, and in this 
section we take a look at another important use of system function algebra, namely, in 
analyzing interconnect! oris of LTI systems and synthesizing systems as interconnections 
of elementary system building blocks. 
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9.8. T System Functions for Interconnections of LT1 Systems 

Consider the parallel interconnection of two systems as shown in Figure 9.30(a). The 
impulse response of the overall system is 

M0= M0 + *z(0. (9.155) 

and from me linearity of the Laplace transform, 

H{s) = H^s) + H 2 (s). (9.156) 

Similarly, the impulse response of the series interconnection in Figure 9.30(b) is 

h(t)= MO* MO. (9.157) 

and the associated system function is 

}I(s) = tf,(s)H 2 (*). (9.158) 



xlt) 



Mi] 

H,(s) 



h 2 (t) 
H 2 (b) 



■*-y(tJ 



(a) 



"<*> 



h,(t) 



(b) 



h a tt) 
H a fB) 



+- y(n 



Figure 9.30 (a) Parallel intercon- 
nection of two LTl systems; {b) series 
combination ol two LTl systems 



The utility of the Laplace transform in representing combinations of linear systems 
through algebraic operations extends to far more complex interconnections than the simple 
parallel and series combinations in Figure 9.30. To illustrate this, consider the feedback 
interconnection of two systems, as indicated in Figure 9.31 . The design, application^ ami 
analysis of such interconnections are treated in detail in Chapter 1 1, While analysis of the 
system in the lime domain is not particularly simple, determining the overall system func- 
tion from input x(t) to output y(t) is a straightforward algebraic manipulation. Specifically, 
from Figure 93), 

Yis) = Hi(s)E(s) t (9.159) 

E(s) = X{s) -Z(s\ (9 J 60) 
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Figure 9.31 Feedback interconnec- 
tion of two LTI systems 



from winch we obtain the relation 
or 



(*Ufi]> 



(9.162) 



(9. J 63) 



9.8.2 Block Diagram Representations for Causal IV Systems 
Described by Differential Equations and Rational 
System Functions 

In Section 2.4 5, we illustrated the block diagram representation of an LTI syuLem de- 
scribed by a first^ordcr differential equation using the basic operations of addition, multi- 
plication by a coefficient, and integration. These same three operations £an aLo he used 
to build block diagrams for higher order systems, and in this section we illustrate this in 
several examples. 

Example 9.28 

Consider (he causal I-Tl system with system fund ion 

His) = 1 



s + 3 



From Section 9.7-3, we know thai this syh-tem can also be described by the differential 
equation 



df 



+ 3>(rj = xUl 



together wit 1 [he condition of initial rest. In Section 2.4.3 we constructed a block diagram 
representation shown in Figure 2,32. for a first-order system such as this.. An equiva- 
lent block diagram fcorreiponding to Figure 2.32 with a >= 3 and b — 1) is shown in 
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x(t> 



f7\ e{t) * 


& 






V 















*- y(t) 



«m 



e 



fe {t) 



■*- y(t) 



Figure 9.32 (a) Block diagram representation of the causal LTI system in 
Example 9 28; (b) equivalent block diagram representation. 



Figure 932(a), Here, 1/j is the system function of a system with impulse response u(tX 
i.e., it is the system functLon of an integrator Also, the system function -3 in the feed- 
back path in Figure 9.32(a) corresponds to multiplication hy the coefficient —3. The 
block diagram in the, figure involves a feedback loop much as we considered in the pre- 
vious subsection and as pictured to Figure 9-31, the sole difference being that the two 
signals that are the inpul& to the adder in Figure 9,32(a> are added, rather than sub- 
tracted as in Figure 9.31. However, as illustrated in Figure 9.32(b), by changing the sign 
of the coefficient in the multiplication in the feedback path, we obtain a block diagram 
representation of exactly the same form as Figure 9,31. Consequently, we can apply 
eq, (9.163) to verify that 



h{s) = 



Us 



1 



1 +3fj jr"+3' 



Example 9.29 

Consider now the causal LTI system with system function 



(9,164) 



As suggested hy eq. (9J64) t this system can be ihought of as a cascade of a system 
with system function !/(.; +■ 3) followed by a system with system function s -*- 2, and 
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we have illustrated this in Figure 9.33{a). in which we have used the block diagram in 
Figure 9.12(a) to represent 1 f{s + 3). 

It U also possible to obtain an alternative block diagram representation for the 
system in eq. (9.164). Using the linearity and differentiation properties of the Laplace 
transform, we know that y[t) and ztf) in Figure 931(a) are related by 

„ t) - **> + 2m. 

However, The input e{i) to the integrator is exactly the derivative of the output z(r), so 
that 

yit) ■= e{t) + Zz{t\ 

which Leads directly to the alternative block diagram representation shown in Fig- 
ure 933(b). Note that the block diagram in Figure 9.33(a) requires the differentiation or 
z{t), since 

m - ^ + 2,(0 

In contrast, the block diagram in Figure 9.33(b) does not involve the explicit differenti- 
ation of any signal. 
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Figure 9.33 (a) Block diagram representations for the system in Exam- 
ple 9.29; (b) equivalent biock diagram representatior. 
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Example 9.30 

Consider neKt a causal second- order system with system. function 

B{s} = t * .-. = * ~ (9.165) 

(s + l)(s +2) s- ■+■ 3s -t- 2 

The input .\(f) and output vU) for ihis system satisfy the differential equation 

££> 4.3^2*,) = «* ,9.166) 

By employing similar ideas to those used in the preceding examples* we obtain the btock 
diagram representation for this system shoun in Figure 934ta). Specifically, since the 



K(t) 



«(1) 



o 



) * (t) t 


J. 




w> 




1 
s 








J * 




• 


























-3 




-I 






A 














\u* 











L 



*(t) 



-i -* 



L 



■e 



y(t) 



(a) 



o 



tb) 



-1 -* 



-? -* 



-#- yW 



(V) *. y {t ) 



Figure 9*34 Block diagram representations for the system in Exam- 
ple 9.3Q: (a) direct form: (b) cascade form; (c) parallel form. 



712 The Laplace Transform Chap . 9 

input to an integrator h the derivative of (he output of the integrator the serials in the 
block diagram me related by 



/(<) = 

e{t) = 

Aiso. eq. (Q.I 66) can be rewritten as 



dr ' 
dfir) = d 2 m 
di di 



-^ = - 3 -M_ WlU ^ 



or 



which ts exactly what is represented in Figure 934(a), 

The block diagram in this figure is sometimes referred to as a direct-form repre- 
sentation, ^in^e the coefficients appearing m the diagram can be directly identified with 
the coefficients appearing in the system function or, equivalently, ttie differential equa- 
tion Other block diagram representations of practical importance also can be obtained 
after a modest amount of system function algebra. Specifically^ H(s) m eq. (9.165) can 
be rewritten as 



s +■ 1 /\j -h 2 

which suggests thai this system can be represented as the cascade of two first -order sys- 
tems. The cascade-form representation corresponding to H(s) is Known in Figure 9 34(b). 
Alternatively, by performing a partial-fraction expansion of flhK we obtain 

which leads tn the paraUri-fo&n representation depicted in Figure 934(c). 

Example 9.31 

As a final tvtfmple, consider the system function 

2s 2 +■ 4j - 6 

Once again, using system function algebra* we can write H(s) in several different forms, 
each of which suggests a bloclc diagram represeniation. In particular, we can write 

H <*> = f- 5 5 V'" + ** " 6 > 

\ J r + 3 s ■+■ 2 / 

which suggests the representation of //(j) as the cascade of the system depicted in. Fig- 
ure 9.34(a) and the system with system function 2s 2 +■ 4s — 6. However, exactly as we 
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did in h*ampte 9-29 t we can extract ihe derivatives required far this s^ond system by 
"tapp.ng 1 " the signals appearing as the inpu's to the integrators in the first system The 
details *>f this construction ar<= examined in Problem 9-36. and the result is the direct 
form block diagram shown in Figure 9.35. Once again, in the direct-form representation 
the ^efficient?! appearing in the block diagram can be determined by inspection from 
l he coefficient \ in th-e sy.stcm function in eq. (9. 167). 



*■ yrO 




Figure 9.35 Direct-foim represe matron for the system in Example 9 31. 
Alternatively, we can write W(j} in the form 



- - i*i?m 



I9.16R) 



or 



H\s) = 2 +■ 



s + 2 s 4- 1 



(9 169) 



Ftie first of these iugge^ls a cascade-form representation, while the second leads to a 
parallel -form block diagram. These are also considered in Problem 9 .16 



The methods for constructing block diagram representations for causal LTI systems 
described by differential equations and rational system functions can be applied equally 
well to higher order systems. In addition, there is often considerable flexibility in how this 
is done. For example, by reversing the numerators in eq. (9.168), we can write 



\s + 2 A s-v- 2 



which suggests a different cascade form. Also, as illustrated in Problem 9.38, a fourth- 
order system function can be written as the productof two second-order system functions, 
each of which can be represented in a number of ways (e.g, t direct rorm r cascade, or par- 
allel \ and it can also be written as the sum of lower order terms, each of which has sev- 
eral different representations. In this way, simple low-order systems can serve a* building 
blocks for the implementation of more complex., higher crder systems. 
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9.9 THE UNILATERAL LAPLACE TRANSFORM 

In the preceding sections of this chapter, we have dealt with what is commonly called 
the bilateral Laplace transform. In ihis section, we introduce and examine a somewhat 
different transform, the unilateral Laplave transform^ which is (if considerable value in 
analyzing causal systems arid, particularly, systems specified by linear constant -coefficient 
differential equations with nonzero initial -onditions (Le. T systems that arc not initially at 
rest). 

The unilateral Laplace transform of a continuous-time signal x{t\ is defined as 



art*) - 



a ^ 



At)e * s dt, (9.170) 

Jo 



where the lower limit of integration, h signifies that wc include in the interval of 
integration any impulses or higher order singularity functions concentrated at i = 0. 
Once again we adopt a conveniem shorthand notation Tor a signal and lis unilateral 
Laplace transform: 

x(t) *—* SCi s) = ti£j i(0) . (9. 1 7 1 J 

Comparing eqs, (9.170) and (9.3), we see that the difference in the definitions of 
the unilateral and bilateral Laplace transform lies in the lower limit on the integral. The 
bilateral transform depends on the entire signal from 1 - - a. to t ■= +-*, whereas the uni 
lateral transform depends only on the signal from / = 0~ tox. Consequently, two signals 
that differ for* < 0, but that are identical for ; > H will have different bilateral Laplace 
transforms, but identical unilateral transforms. Similarly, any signal that is identically zero 
for t < Dhas identical bilateral and unilateral transforms. 

Since the unilateral transform of x(t) is identical to the bilatera; transform of the 
signal obtained from x(l) by setting its value to for all / < 0, many of (he insights, 
concepts, and results pertaining to bilateral transforms can be directly adapted to the 
unilateral case. For example, using Property 4 in Section 9.2 for right-sided signals, 
we see that the ROC for eq. (9.170) is always a ngfit-half plane. The evaluation of 
the inverse unilateral Laplace transforms is also the same as for bilateral transforms, 
with the constraint that the ROC for a unilateral transform must alway>. he a rigtit-half 
plane. 



9.9. 1 Examples of Unilateral Laplace Transforms 

To illustrate the unilateral Laplace transform, let us consider the following examples: 
Example 9,32 

Consider the signal 

*<*>= 7 TriC* uit). (9.172*. 

in - 1)! 
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Since x{t) — for r < 0, the unilateral and bilateral transforms are identical. Thus, from 
Table 9,2, 

Example 9.33 

Con^iiWr next 



= x,-1'l'+"j 



(9174) 



The bilateral transform X4.F) for this example can be obtained from Example *jA and the 
time-shifting property (Section 3.5.2): 

Xtv) - -?—. GUb) > -a. (9.175) 

s + a 

By contrast, the unilateral transform is 

Jli- 

= r e "e ,ll "' J rfi (9.176) 

j + n 

Thus, in this example, the unilateral and bilateral Laplace transforms are clearly dif- 
ferent. In fact, we should recognize 3C(j) as the bilateral transform riot of jrf/J, but of 
x{f)u(t'\, consistent with our earlier comment that the unilateral transform is the bilateral 
transform of a signal whose values fur i < 0" have been set to zero. 

Example 9.34 

Consider the signal 

x(1) = 5(1} + 2u t (l} + e'uU). (9.177) 

Since x{i) = for r < O t and since singularities at the origin are included in the interval 
of integration, the unilateral transform for x(i) is the same as the bilateral transform- 
Specifically, using the fact (transform pair 15 in Table 9.2) that the bilateral transform 
erf M^Ois j% we have 

£(j) = *(*) = 1 + 2s + — !— - J(2J "\ U <Mj> > 1- <^178) 

s — 1 s - I 

Example 9.35 

Consider the unilateral Laplace transform 

*» = trdbra- < 9 - I7 »> 
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[ti Example 9."9, *vc considered the inverse transform for a bilateral Laplace transform of 
the exact form as that m cq, (9. 170) and for several ROC s Fur (he unilaitral transform, 
the ROC must be the right-half plane to the ri^hl of the rightmost pole uf SC(j), i.e., in 
thii case, the ROC consists, of all points a with <P.*{s} > -\. We can (hen invert ihis 
unilateral transform exacily as iti Example 9 9 to obtain 

jcit) = (e ' —e 2 ']u(t) for r > D~ P (9, 1 80) 

where we have emphasized the fact that unilateral Laplace transforms provide us with 
information about signals only for J > \ 

Example 9.36 

Consider the uni lateral transform 

EW- ^. (9.1B1) 

s +- 2 

Since The degree of the numerator of SC(j) is not strictly less than (he decree ot the de- 
nominator, wt expand EC(j j a^ 

^(j> = A + Bs+ -^-. (9.182} 

j +2 

Equating eqs. (9. LSI) and (9.1 82), and clearing denominators, we abtain 

j- - 3 = (A -t fls)l£ + 2) 4- C (9.1&3) 

and equating cccfritients for each power of £ yields 

X(s)= -2 + s+ -?-, (9 J 84) 

j -I- z 

with an ROC oftftefc] > -2. Taking invert transforms of each term results in 

sit} = -25(f) + Hi(n + e -'u^o for t > 0". (9.185) 



9.9,2 Properties of the Unilateral Laplace Transform 

As with the bilateral Laplace transform, rJie unilateral Laplace transform has a number of 
important properties many of which are the same as tfveir bilateral counterparts and sev- 
eral of which differ in significant ways. Tabic 9.3 summaTves these properties. Note that 
we have not included a column explicitly identifying the ROC for the unilateral Laplace 
transform for each signal, since the ROC of any unilateral Laplace transform is always a 
right-half plane. Forexampletbe ROC for a rational unilateral Laplace transform is always 
to the right of the rightmost pole. 

Contrasting Table 9.3 with Table 9.1 for the bilateral transform, we see that, with 
the caveat that ROCs for unilateral Laplace transforms are always right-half planes, the 
linearity, j-dumain shifting, time- scaling, conjugation and differentiation in the j-domain 
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TABLE 9.3 PROPERTIES OF THE UNILATERAL LAPLACE TRANSFORM 



Property 


Signal 


Unlltteral Laplace Traurform 




■fit) 

jf,<f-i 
x>tt) 




Linearity 


ax^f) + bx 2 {i} 


oDC|(j)+*3i: : (j> 


ShiTtLng in the f-damain 


^'40 


Jtttf - So) 


Time scaling 


x{at\ a > 




Conjugation 


j*(0 


j=Mj) 


Convolution (assuming 
that x\it) and jtj(/> 
arc identically zero for 


Xl{l) * Xi{t\ 


SCCfiEtj^ 


DifferecliuhorL in the time 
domain 


d 


j9C(j>- jrfC") 


- Differentiation in the 
f-4omaui 


-fj(/) 


> 


Integration in the time 
donnam 


Ju- 





InitiaJ- and Final- Value Theorems 
If *{0 contains no impulses or higher-order singularities at / = 0, then 

i— '3 
lim *(;} -^ km jEC<s) 



properties are identical to their bilateral counterparts. Similarly, the initial- and final-value 
theorems stated in Section 9.5. 10 also hold for unilateral Laplace transforms. 3 The deriva- 
tion of each of these properties is identical to that of its bilateral counterpart. 

The convolution property for unilateral transforms also is quite similar to the corre- 
spending property for bilateral transforms. This property states that if 



JfifO = JraW - for all t < 0, 



(9JS6) 



J In fatt, the initial - and final- value theorems are basically unilateral transform properties as they apply 
only to signals x(t) that air identically for r < 0. 
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then 

^(0**2(0 «—>£|<jja: 2 <j). (9,i87> 

Equation (9, 187) follows immediately from the bilateral convolution property, since, under 
the conditions of eq. (9.186), the unilateral and bilateral transforms are identical for each 
of the signals *[{t) and x^it). Thus, the system analysis tools and system function algebra 
developed and used in this chapter apply without change to unilateral transforms, as long 
as we deal with causal LT1 systems {for which the system function is both the bilateral 
and the unilateral transform of the impulse response) with inputs that are identically zero 
for f < 0. An example of this is the integration property in TahJe 93: If jr(f) = forr < t 
then 

x(j)dT = x(i)*-u(t) ^+ 3C(s)1i(a) = -X{s) (9.188) 

o- J 

As a second case in point, consider the following example: 
Example 9,37 

Suppose a causal LT1 system Ls d&cribdd by the differential equation 

together with the condition uf initial rest. Using eq, (9-133). we find that the system 
function for this system is 

Let the input to this system be x(i) =- aw(t). In this case, the utiiliteral {and bilateral) 
Leplace transform of the output yit) is 



x{s + ))<* + 2) 



oj/2 a a/2 



s if 1 s + 2' 
Applying Example 9. 32 to eath term of eq . (9. 1 9 1 ) yields 



+ — -^ (9.1^1) 



yiO = ^ 



1 -. J -2, 
2"* + 2* 



w<f). (9.192) 



It is important to note that the convolution property for unilateral Laplace transforms 
applies only if the signals x t (i) and x 2 (t) in eq, (9.187) are both zero for t < 0. That is, 
while we have seen that the bilateral Laplace transform of xt(t) * x 2 {t) always equals the 
product of the bilateral transforms of x , (0 and x 2 {t) t the unilateral transform of *!(/)* * 2 (ri 
in general does not equal the product of the unilateral transforms if either *i (/) or xz(t) is 
nonzero for i < 0, (See, for example. Problem 939). 
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A particularly important difference between the properties of the unilateral and bi- 
lateral transforms is the differentiation properly. Consider a signal x{t) with unilateral 
Laplace transfc-mi 3C(j), Then T integrating by parts, we find that the unilateral transform 
t>fdx(iydt is given by 



■e *' dt = x{l)e tf 



- + 'J.-«*"" (9.1») 



.c dt 

= j3C{j) - MO ). 

Similarly, a second application of this would yield the unilateral Laplace transform of 
d l xit)ldt 2 , i,e„ 

r*C{s) - sx{<T) - je'(0 ), (9,194) 

where j;'(0 ) denotes the derivative of x{t) evaluated at t = 0~ . Clearly, we can continue 
the procedure to obtain the unilateral transform of higher derivatives, 

9,9.3 Solving Differential Equations Using the Unilateral 
Laplace Transform 

A primary use of the unilateral Laplace transform is in obtaining the solution of linear 
constant-coefficient differential equations with nonzero initial conditions. We illustrate 
this m the following example: 

Example 9.3d 

Consider the system characterized by the differential equation (9. 1 89) with initial con- 
ditions 

y(0 ) = p. y\Q ) = y. (9.195) 

Let x(i) — au(t). Then, applying the unilateral transform to both sides of eq- (9,189)* 
we obtain 



or 



(s + 1)(J + 2) (s + 2)(j + 2) S {s + 2)(s +■ 2/ * ; 

where ¥<» is the unilateral Laplace transform of ytf). 

Referring to Example 9,37 and, in particular, to eq. (9.191), we set: that the last 
lerm on the right-hand side of eq. (9.197) is precisely the unilateral Laplace transform 
of the response of the system when the initial conditions in eq. (9,195) are both 7ero 
Ifi — y = 0). That is, the last term represents the response of the causal LTI system 
described by eq. (9,189) and the condition of initial rest. This response is often referred 
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to as, the zero-stat^ respoTise — i.e., the response when the initial slate (the set of initial 
conditions in eq. (9-195)) is zero. 

An analogous interpretation applies to the first two terms on the right-hand side of 
eq. (9. 197). These terms represent the unilateral transform of the response of the system 
when (he input is zero (a = 0), This response is commonly referred to as the zero- 
input response. Note that the zero-Input response is a Linear function of the values of 
the initial conditions {t,g.. doubling the values of both /3 and y doubles the zero-input 
response) Furthermore, eq (9.197) illustrates an important fact about the solution of 
linear constant-coefficient differential equations with nonzero initial conditions, namely, 
that the overall response is simply the superposition of the zero-state and the zero-input 
responses. The zero-state response is the response obtained by setting the initial condi- 
tions to zen> — ].e. t it is the response of an LTI system defined by the differential equa- 
tion and the condition of ini bal rest. The zero-input response is the response to the initial 
conditions with the input att to zero. Other examples illustrating thia can be Found in 
Problems 9,20. 9.40 h and 9.66 

Finally, fbrariy values of a, £,andy, we can. of course, expand ^(j) in eq r (9.197) 
in a partial-fraction expansion and invert to obtain y(t). For example, if a = 2, £ = 3, 
and y = —5, then performing a paitiaLfractioti expansion, fareq, (9.197) we find that 

Applying Example 9,32 to each term then, yields 

y{t) = [1 - e -' + 3*- : ']H(f) for t > 0. (9/199) 



9.10 SUMMARY 



In this chapter, we nave developed and studied the Laplace transform, which can be viewed 
as a generalisation of the Fourier transform. It is particularly useful as an analytical tool in 
the analysis and study of LTI systems Because of the properties of Laplace transforms, LTI 
systems, including those represented by linear constant-coefficient differential equations, 
can be characterized and analyzed in the transform domain by algebraic manipulations. Li 
addition, system function algebra provides a convenient tool both For analyzing intercon- 
nections oFLTI systems and for constructing block diagram representations of LIT systems 
described by differential equations. 

For signals and systems with rational Laplace transforms, the transform is often con- 
veniently represented in tbe cample* plane (j-plane) by marking the locations of the poles 
and zeros and indicating the region of convergence. From the pole-zero plot, the Fourier 
transform can be geometrically obtained, within a scaling factor Causality, stability, and 
other characteristics are also easily identified from knowledge of the pole locations and 
the region of convergence. 

In this chapter, we have been concerned primarily with the bilateral Laplace trans- 
form. However, we also introduced a somewhat different form of the Laplace transform 
known as the unilateral Laplace transform. The unilateral transform can be interpreted as 
the bilateral transform of a signal whose values prior to / = 0~ have been set to zerc. 
"This form of the Laplace transform is especially useful for analyzing systems described 
by linear constant-coefficient differential equations with nonzero initial conditions. 
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Chapter 9 Problems 



The first section of problems belongs to the basic category, and the answers are pro- 
vided in the back of the book. The remaining three sections contain problems belonging 
to the basic, advanced, and extension categories, respectively. 

BASIC PROBLEMS WITH ANSWERS 



9.1. For each of the following integral^ specify the values of thereat parameter <r which 
ensure that the integral converges 

(a) InW^J^'dr (b) We 5 V (tr4 - JW) '<fr 



i-5 



9.2. Consider the signal 



(f) ["f-^c-t^^'i/f 



if 



xO) = e n, «0- IX 



and denote its Laplace transform by X{s). 

(a) Using eq. {9.3), evaluate X{s) and specify its region of convergence. 
fb) Determine the values of the finite numbers A and /<> such that the Laplace trans- 
form GCi) of 

gift = Ae'V-f-'o) 

has the same algebraic form as X(s), What is (he region of convergence corre- 
sponding to G(s)^ 
9.3. Consider the signal 

and denote its Laplace transform by Xf s). What are the constraints placed cm the 
real and imaginary parts of £ if the region of convergence of X(s) is(Jta{$} > -37 

9*4. For the Laplace Lransform of 



jc(/) = 



e' sin It, 
0, 



r £ 
r >0 ' 



indicate the location of its poles and its region of convergence. 

93. For each of the following algebraic expressions for the Laplace transform ofa signal. 
determine the number of /eras located in the finite j-planc and the number of zeros 
lecated at infinity: 

(a) 



(b) 



s +■ I 
s+ 1 

J2- 1 

J 2 + S+ 1 



J -f 3 
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9.6. An absolutely intcgruble signal x(e) is known to have a pole at j =2. Answer the 
following questions: 

(a) Could x(t) be of finite duration? 

(b) Could x(t) be left sided? 
<c> Could jc(r) be right sided? 
(d) Could x(t) be two sided? 

9*7, How many signals have a Laplace transform that may be expressed as 

(J-1) 
(j + 2){j + 3)(j a + *-hl) 

in its region of convergence? 

9.& Let J*(r) be a signal that has a rational Laplace transform with exactly two poles, 
located ati - -I ands = -3, If g(t) = e 2l x{t) andG(;w) (me Fourier transform 
of g(t)] converges, determine whether x{t) is left sided, right sided, or two sided, 

9*9, Given that 

e "'u(t) JL — L, <R<{j} ><fl*{-a}, 
j + a 

determine the inverse Laplace transform of 

9 JO, Using geometric evaluation of the magnitude of the Fourier transform from the cor- 
responding pole-zero plot, determine, for each of the following Laplace transforms, 
whether the magnitude of the corresponding Fourier transform is approximately 
Lowpass, highpass, or bandpass: 

lb) H 2 U) = J , «*{*}> ™ 1 

9.11. Use geometric evaluation from the pole- zero plot to determine the magnitude of the 
Fourier transform of the signal whose Laplace transform is specified as 

9, 12* Suppose we are given the following three facts about the signal x{i): 
L x(t) = Oforf < 0. 

2. x(k/m) = Ofvrk - L 2, 3 

3. jc(1H60> = e- ]2f) , 

Lat X(s) denote th& Laplace transform of x{t}, and determine which of the following 
statements is consistent with the given information about xit): 

(a) X{s) has only one pole in the finite ^-plane. 

(b) X{x) has only two poles in the finite j-plant. 

(c) X(.f) has more than two poles in the finite J-plane. 
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9.13, Let 

g(t) = X{t) + ax(-t), 
where 

and the Laplace transform of g{t) is 

G(s) = -F^-r- -1 <<R*W<1. 

s* — 1 

Determine the values of Che constants or and 0. 

9.14, Suppose the following facts are given about the signal x(t) with Laplace transform 
X(s): 

L x{t) is real and even. 

2. X(s} has four poles and no zeros in the finite j-plane, 

3. *(j) has a pole at.* - (1/2W'* 

4. f_V(*)df -4. 
Determine Jf(s) and its ROC. 

9.15, Consider two right-sided signals x{t) and y(t) related through the differential equa- 
tions 

and 

dy(t) 



dt 



- 2x\zy 



Determine Y{s) and X(_s), along with their regions of convergence. 

9.16. A causal LTI system S with impulse response h(t) has its input x(t) and output >(/) 
related through a linear constant-coefficient differential equation of the form 

(a) If 

how many poles does Gts) have? 

(b) For what real values of the parameter a is S guaranteed to be stable? 

9.1 7. A causal LTI system $ has the block diagram representation shown in Fi gure P9 1 7 . 
Determine a differential equation relating the input x(/) to the output yU) of this 
system. 
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xft) 



-4 



<Z> 



■*-y(tj 




Figure J*9. 1 7 



9.18. Consider the causal LTJ system represented by the RLC circuit examined in Prob- 
lem 3.20. 
Ja) Determine # (j) and specify its region of convergence. Your answer should be 

consistent with the fact that the system is causal and stable, 
fb) Using the pole-zero plot of ^f(j) and geometric evaluation of the magnitude of 
the Fourier transform, determine whether the magnitude of the corresponding 
Fourier transform has an approximately lewpass, highpass, or bandpass char- 
acter! stit:- 
(c) If the value of R is now changed to 10~ 3 O, determine H[s) and specify its 

region of convergence, 
(rj) Using the pole-zero plot of H{s) obtained in part (c) and geometric evaluation 
of the magnitude of the Fourier transform, determine whether the magnitude of 
the corresponding Fourier transform has an approximately iowpass. highpass, 
or bandpass characteristic, 

9.19* Determine the unilateral Laplace transform of each of the following signals* and 
specify the corresponding regions of convergence: 
(a) x(j) = e 2f v(t+ 1) 
(b> x(t) = &(t ■+ 1) + 5(0 + <T^Vr +■ L) 
(c) *(r) = e~ 2t u{i) +■ e~ 4l u0) 

920, Consider the RL circuit of Problem 3.19. 

(a) Determine the zero-state response of this circuit when the input current is 
x(t) = e 2{ it(i). 

(b) Determine the zero-input response of the circuit for t > 0~, given that 

y(0 ) = L 

(c) Determine the output of the circuit when the input current is *(r) = e~~ 2 'u(t) 
and the initial condition is the same as the one specified in pan (b) 

BASIC PROBLEMS 



9.21. Determine the Laplace transform and the associated region of convergence and pole- 
zero plot for each of the following functions of dme: 



(c) x(t) = e 2t u{-t) + e 3 'u(-j) 



(b> xtt) = e'^^t) + f- Sj (sinSOH(r> 
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(S) x(t) = 



(e) *«) = |/|*- J "'I (f) jtU) = |f|* 2 '«(-j) 

I, == f ^ 1 ft, ss I s£l 

0, elsewhere w w [ 2 -f, 1 =s r ^ 2 

(i) x(i) = &<!) + uii) (j) J(D = $00 + «(J/) 

9*22. Determine the function of time, x{t), for each of the following Laplace transforms 
and their associated regions of convergence: 



<R*{a-} > 
tfM-s} < 
(H*{s} < - 1 

-4<(Fk{j}<-3 

-3 <0te{s} < -2 

OM*} > i 

CfteM > - 1 

9.23, For each of the following statements about x{t) a and for each of the four pole-zero 
plots in Figure P9.23, determine the corresponding constraint on the ROC: 



(a) 
(b) 

(c) 

(d) 

(e) 

(0 
<S) 



^777+ r"2* 
j : -j-t-i 



I. x(t)tf v is absolutely integrabk. 

1. x(t} *■ {e~ r u{t}) is absolutely mtegrable, 

3. x(r) *0. r > 1. 

4. z(0 = O h *< -1, 



9*m 



ftm 



X 


-zi 


X 


-2 




2 0lf 


X 


-?j 


X 
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-2j 


O 


-2 




2jS* 


X 


L -2j 


O 



tfm 



^n» 



o 


-2j 


X 


-2 
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-2j 


X 
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*2j 
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-2 
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O 


L 2j 


O 



Figure P9.Z3 
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9,24* Throughout this problem, we will consider the region of convergence t>f the Laplace 
transforms always to include the jw-axis, 

(a) Consider a signal x{0 with Fourier transform Xijen) and t^aplace transform 
X{s) = .t + 1/2. Draw the pole -zero plot for AT($). Also, draw the vector whose 
length represents (A'f jco>| and whose angle with respect to the real axis repre- 
sents <Jf(jfai) for a given w. 

(b) By examining the pole-zero plot and vector diagram in part (a), determine a 
different Laplace transform -Y.Cj) corresponding to the function of time, x\(t). 
w thai 

\Xi(jo>)\ = \X{ju& 

but 

x,<r> ^ xUX 

Show the pole-zero plot and associated vectors that represent v |(j&j). 
(cj For your answer in part (b> h determine, again by examining the related vector 

diagrams, the relationship between <A r (y«) and KX\\j*o). 
<d) Determine a Laplace transform Xi{s) such that 

<X 2 (jat) = <X{jw), 

but x 2 (fi is not proportional to x(t). Show the pole-zero plot for X:(s) and the 
associated vectors that represent X2 (]**>). 

(e) For your answer in part (d), determine the relationship hetween Jfet/^Ol and 
\X{j<o% 

(f) Consider a signal *(r) with Laplace transform X{i) for which the pole -zero plot 
is shown in Figure P9,24. Determine X { (s!) such that ^t(jw)| = (X^^Ol and 
all poles and zeros of X \ ( j) are in the left-hal f of the s-plane [i e. t (RVejj} < 0] r 
Also, determine X 2 (s) such that <X(Ja>) = <jf ? (j<u) and all poles and zeros 
of Xi{s) are in the left-half of the j-piane. 



&m 



— X- <y 



-2 



-O- X ~ — - — 

1 1 <R* 

2 



Figure P9.24 

9,25, By considering the geometric determination of the Fourier transform* as developed 
in Section 9 A , sketch, for each f the pole-zero plots in Figure P9 .25 1 the magni rude 
of the associated Fourier craisftum. 
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(ft. 



9J6, Consider a signal yti) which is related to two signals x { {t) and xtfr) by 

y(t) = jciC ^ 2)***(-t + 3) 
where 

j,(f) - f" 2, M(0 and x 2 (t) = f ~ 3 'n(r> 



728 The Laplace Transform Chap 9 

Given that 

s +■ a 
use properties of the Laplace transform to determine the Laplace transform Y{s) of 

y(t), 

9.27. We are given the following five facts about a real signal x(t) with Laplace transform 

X(s) 

1. X(a-) has exactly two poles. 

2. X{j) has no zeros in the finite j-plane. 

3. X(s) has a pole at s = —1 + j. 

4. e-*x(t} is not absolutely integrable. 

5. X(0) = 8. 

Determine X(s) and specify its region of convergence. 

9.28, Consider an LT1 system for which the system function H{s) has the pole- zero pattern 
shown in Figure P9.28. 



$m 



— x x- 

-2 -1 



4 1 +2 <5U 



Figure W.28 

(a) Indicate all possible ROCs that can be associated with this pole-zero pattern. 

(b) For each ROC identified in part (a), specify whether the associated system is 
stable and/or causal. 

9.29* Consider an LTI sysiem with input x<t) = e~ f «(r) and impulse response A(r) = 

(a) Determine the Laplace transforms of *(/) and h(t). 

(b) Using the convolution property, determine the Laplace transform Y(s) of the 
output y(t). 

(c) From the Laplace transform of y(t) as obtained in part (b), determine y(/). 

(d) Verify your result in part <b) by explicitly convolving x{t) and hit), 

9*30. A pressure gauge that can be modeled as an LTI system has a time response to a 
unit step input given by (1 - e~* - te~*)u(t). Foracertain input *(r), the output is 
observed to be (2 - 3e "' + <?~ 3 ')u(f). 

For this observed measurement* determine the true pressure input to the gauge 
as a function of time. 
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931. Consider a continuous-time LTI system for which the input ;t(f> and output y[r) are 
related by the differentia] equation 

Let X[s) and y(s) denote Laplace transforms of x{.0 and y(t)+ respectively, and let 

H(s) denote the Laplace transform of hit), the system impulse response 

la) Determine H{s) as a ratio of two polynomials in s. Sketch the pole-zero pattern 

offftO, 
(b) Determine ft(r) for each of the following cases: 

1. The system is stable. 

2. The system is causal. 

3. The system is neither stable nor causal. 

9,32. A causal LTI system with impulse response h(t) has the following properties: 

1. When the input to the system is jt(f) = e 2r for all f, the output is y(t) = (\I6)e 2> 
for all t. 

2. The impulse response hit) satisfies the differential equation 



dhU ) 
dt 



L + 2h(t) = {e~ At )u(t) + bu(t\ 



where £> is an unknown constant. 
Determine the system function H{s) of the system, consistent with the information 
above. There should be no unknown constants in your answer; that is, the constant 
b should not appear in the answer. 

9,33. The system function of a causal LTI system is 

ffco - s+] 



s 2 + 2s + 2" 

Determine and sketch the response >■(*) when the input is 

x(t) ™ e |j| , — * < t < *>. 

!*.J4. Suppose we are given the following information about a causal and stable LTI sys- 
tem S with impulse response hit) and a rational system function His) 

1. //(I) = 0,2, 

2. When the input is u(r) T the output is absolutely integrabk. 

3. When the input is tu(s) t the output is not absolutely integrate. 

4. The signal d 2 hiftfdi l + 2dh{t)fdi + 2h{t) is of finite duration. 

5. H(s) has exactly one zero at infinity. 
Determine ff(s) and its region of convergence, 

9,35, The input x{t) and output y(t) of a causal LTI system are related through the block- 
diagram representation shown in Figure P9.35, 

(a) Determine a differential equation relating y(() and x{t). 

(b) Is this system stable?. 
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9.36. In this problem, we consider the construction of various types of block diagram 
representations for a causal LTI system S with input x(i)+ output y{t\ and system 
function 

„. . 2s 2 + 4j-6 
" W ' ^ + 3 J + 2 - 

To derive the direct-form block diagram representation of S, we first consider a 
causal LTL system S-\ that has the same input _*(() as S, but whose system function 

is 



Ht{s) - _■* 



1 



S 3 +3* + 2' 

With the output of 5, denoted by v L (0*the direct-form block diagram representation 
of Si is shown in Figure P9.36, The signals e(l) and /(f) indicated in the figure 
represent respective inputs into the two integrators. 

(a) Express y{t) (the output of 5) a& a linear combination of yKO, dy^{i)fdt, and 
d 2 y\\j)fdt 2 

(b) How is d y] (t)/dt related to /{*)? 

(c) How is <i 2 yi (f)/Jf 2 related to e(f )? 

(d) Express y(0 as a linear combination of e(t), f{t), and y } (!). 
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(«) Use the result from the previous part to extend the direct-form block diagram 

representation of 5| and create a block diagram representation of 5. 
(f) Observing that 



s + 2 }\s + 1 

draw a block diagram representation for 5 as a cascade combination of two 
subsystems, 
(■g) Observing that 

HW = 2 + -4j - * 

S+2 A + 1 

draw a block-diagram representation for ^sa parallel combination of three 
subsystems. 

937* Draw a direct-form representation for the causal LTT systems with the following 
system functions; 

938, Consider a fourth-order causal LTl system S whose system function is specified as 

1 



//(.r) - 



0v 2 -s + l)(^ + 2i + 1> 



(a) Show that a block diagram representation for S consisting of a cascade of 
four first-order sections will contain multiplications by coefficients that ate not 
purely real. 

(b) Draw a block diagram representation for S as a cascade interconnection of twn 
second-order systems, each of which is represented in direct form. There should 
be no multiplications by nonreal coefficients in the resulting block diagram. 

(c) Draw a block diagram representation for S as a parallel interconnection of two 
second-order systems, each of which is represented in direct form. There should 
be no multiplications by nonreal coefficients in the resulting block diagram. 

939. Let 

x t (T) = *"*«(/> and x 2 (i) - e-- lt,+n B (/ + 1). 

(a) Determine the unilateral Laplace transform ECj(j) and the bilateral Lapface 
transform X\ (a) for the signal x\ {t). 

(b) Determine the unilateral Laplace transform ^2^) and the bilateral Laplace 
transform X 2 (s) for the signal * ? (0, 

(t) Tate the inverse bilateral Laplace transform of the product X\ (^X 2 (s) to deter- 
mine the signal #{/) = x\it)* xtfi). 

(d) Show that the inverse unilateral Laplace transform of the product 3C ] ( s)SC-> ( j J 
is not the same as g(0 forr > 0". 

9M. Consider the system S characterized by the differential equation 

d*y(t) , ,d z y(t) „dy(t) r 
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(a) Determine the zero-state response of this system for the input x{t} = e 4l u{t). 

(b) Determine the zero-input response of the system for t > 0" T given that 



y(0~) = ], 






= -1, 



d*>V) 



■-{)- 



dt< 



- 1. 



t -o 



(c) Determine the output of 5 when the input is x(f\ = e Jf H(f> and the initial con- 
ditions are the same as those specified in part (b). 

ADVANCED PROBLEMS 

9*41, (a) Show that, if j(0 is an even function, so thm.T(0 = x(-t\ihoaXts) = X{—s)> 

(b) Show thal T if x{t) is an odd function, so that x(t) = — *(— On th en X{x) = 
-X(-s). 

(c) Determine which, if an>, of the pole- zero plots in Figure P9.41 could correspond 
lo an even function of time. For those that could, indicate the required ROC. 



-x- 

-1 



(a) 



-X 
1 



ft* 



$m 
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(b) 



■u* 



£r* 



9m 
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-X 
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<R. 
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9 AX Determine whether each of the following statements is true or false IF a statement 
is true, construct a convincing argument for it. If It is false, give a counterexample. 

(a) The Laplace transform of t 2 u(l) does not converge anywhere on the j -plane. 

(b) The Laplace transform of e* u(t) does not converge anywhere on the s-plane, 

(c) The Laplace transform of e Jta °* does not converge anywhere on the j-platw. 

(d) The Laplace transform of e^°'u[t} does not converge anywhere on the j-plane. 

(e) The Laplace transform of |f| does not converge anywhere on the s-plane. 

9.43. Let h(t) be the impulse response of a causal and stable LTI system with a rational 
system function. 

(a) Is the system with impulse response dh{t)fdt guaranteed to he causal and stable? 

(b) Is the system with impulse response f_! B A(t)Jt guaranteed to he causal and 
unstable? 

9.44* Let x(t) be the sampled signal specified as 

n~ff 

where T > 0. 

(a) Determine X(j), including its region of convergence. 

(b) Sketch the pole-zero plot for X($), 

(c) Use geometric interpretation of the pole-zero plot to argue that X{joj) is peri- 
odic. 

9*45, Consider the LH system shown in Figure P9.45(a) for which we are given the fol- 
lowing information; 

Xis) — 



mo = a t > a 



and 



y{0 = -^ui-ft + ^e-'uity 



fSee Figure P9 .45(b).] 



(a) Determine H{s) and its region of convergence. 

(b) Determine h{ty 



y{t] 



n(t) 
H(s) 

(a) 



■*-y(t) 



-*■* 




-Z. 

3 



(b) 



Figure W.45 
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(c) Using the system function tf{j) found in part (a), determine the output y(t) if 
the input is 

*(0 = e* ! . 



— 3P < / < + CC. 



9Ai. Let H(s) represent the system function for a causal, stable system. The input to 
the system consists of the sum of three terms, one of which is an impulse &{r) and 
another a complex exponential of the form £*■»', where s fl is a complex constant. The 
output is 



y (t) = -6e '«(/) + ^e 4 ' cos3f + ^j^sin^ +- JS(f), 



4 
34 



DeteTmine H (s), consistently with this information, 
9*47, The signal 

y(t) = e -Xuffl 
is the output of a causal all-pass system for which the system function is 

s- 1 



/ft*) = 



i + 1" 



(a) Find and .sketch at least two possible inputs x(t) that could produce y(0. 

(b) What is the input i(t) if it is known thai 



I 



|jt(f)|df <»? 



(c) What is the input x(t) if it is known that a stable tbut not necessarily causal) 
system exists that wil] have jt(/> as an output if y(t) is the input? Find the im- 
pulse response h(t) of this filter, and show by direct convolution thai it has the 
property claimed [i.e., thai y{t) * h(t) = jct»]- 

9.48, The inverse of an LTI system H is) is denned as a system that, when cascaded with 
HU) t results in an overall transfer function of unity or, equivalent^, an overall im- 
pulse response that is an impulse, 
(a) If Hi(s) denotes the transfer function of an inverse system for H{s), determine 

the general algebraic relationship between His) and H[(s). 
0>) Shown in Figure P9,48 is the pole-zero plot for a stable, causal system H(s). 
Determine the pole-zero plot for the associated inverse system. 

3i** 



-1 



1 

2 



<R# 



Figure P9.48 



Chap 9 Problems 735 

9.49. A class of systems, referred to as minimum-delay or minimum-phase systems, is 
sometimes defined through the statement that these systems are causal and stable 
and that the inverse systems are also causal and stable. 

Based on the preceding definition, develop an argument to demonstrate that 
all poles and zeros of the transfer function of a minimum-delay system must be in 
the left half of the i-plane li.e.,(R*{j} < 0]. 

9.50. Determine whether or not each of the following statements about LTI systems is 
true. If a statement is true, construct a convincing argument for it If it is false, give 
a counterexample. 

(a) A stable continuous-time system must have all its poles in the lefi half of the 
j-p]aneli,e. p (R^}<OJ. 

(b) If a system function has more poles than zeros, and the system is causal, the 
step response will be continuous at f = 0. 

(c) If a system function has more poles than zeros, and the system is not restricted 
to he causal, the step response can be discontinuous at t = 0. 

(d) A stable, causal system must have all its poles and zeros in the left half of the 
j-plane. 

9.51* Consider a stable and causal system with a real impulse response h(r) and system 
function H(s). It is known that H(s) is rational, one of its poles is ar - 1 ■+ j, one 
of its zeros is at 3 + j t and it has exactly two zeros at infinity. For each of the 
following statements, determine whether it is true, whether it is false, or whether 
there is insufficient information to determine the statement's truth. 

(a) h(t)ir~ 31 is absolutely integrable, 

(b) The ROC for H(s) is (SU{s\ > - 1 . 

(c) The differential equation relating inputs x(t) and outputs y(t) for 5 may be writ- 
ten in a form having only real coefficients. 

(<D }im t ->*.H(s) = 1. 

{«> H(s) does not have fewer than four poles. 
(f) ti{jw) = for at least one finite value of «, 
<g) If the input to S is e^ sin f, the output is e 3 ' cos t, 

9.52. As indicated in Section 9.5, many of the properties of the Laplace transform and 
their derivation are analogous to corresponding properties of the Fourier transform 
and their derivation, as developed in Chapter 4. In this problem, you are asked to 
outline the derivation of a number of the Laplace transform properties. 

Observing the derivation for the corresponding property in Chapter 4 for the 
Fourier transform, derive each of the following Laplace transform properties. Your 
derivation must include a consideration of the region of convargence, 

(a) Time shifting (Section 9,52) 

(b) Shifting in the j-domain (Section 9.5,3) 

(c) Time scaling (Section 9.5.4) 

(d) Convolution property (Section 9.5.6) 

9.53, As presented in Section 9.5. 10, the initial-value theorem states that, for a signal x{r) 
with Laplace transform X(s) and for which *(/) = for t < T the initial value of 
x(t) [i.e., t(0+)] can be obtained from X(s) through the relation 

x(0+) = limsX(j), |eq. (9.110)] 
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First, we note that, since x(t) = for/ < 0, x(t) = x{t)u(t). Next, expanding xij) 
as a Taylor series at I — 0-I-, we obtain 



x(t) = 



Til 



w(f). (P9.53-1) 



where ^(0+) denotes the nth derivative of x(t) evaluated ail = 0+. 

(a) Determine the Laplace transform of an arbitrary term j(" r> {0+)(r"/ii !)«(*> on the 
right-hand side of eq, (P9.53-1). (You may find it helpful to review Example 
9,14.) 

(b) From your result in part (a) and the expansion in eq, (P9.53-1), show that £(j) 
can be expressed as 



jr W -2^>(Q + )-±r 



*i = Q 

(c) Demonstrate thai eq. (91 10} follows ft cm. the result of part <b) 

(d) By first determining x(t) t verify the initial-value theorem for each of the fol- 
lowing examples: 

& *« - uMtm 

(e) A more general form of the initial- value theorem states that if ^'"(0+) =* ti for 
n < N, then j: w (0+) = Hiti,^^ 4 " 1 ^), Demonstrate that this more general 
statement also follows from the result in part (b). 

9.54. Consider a real-valued signal x{t) with Laplace transform X{s), 

(a) By applying complex conjugation to both sides of eq. (9.56) t show that X{.ii - 

(b) From your result in (a), show that if X(s) has a pole (zero) at s — sq, it most 
also have a pole {zero) at s = sj; i.e., for jr(/) real > the poles and zeros of X{s) 
that are not on the real axis must occur in complex conjugate pairs. 

9,55* In Section 9,6, Table 9.2, we listed a number of Laplace transform pairs, and we 
indicated specifically how transform pairs 1 through 9 follow from Examples 9.1 
and 9, I 4, together with variou.s properties from Table 9, L . 

By exploiting properties from Table 9A, show how transform pairs ID through 
16 follow from transform pairs 1 through 9 in Table 9.2. 

9,56. The Laplace transform is said to exist for a specific complex s if the magnitude of 
the transform is finite — that is T if \X{s)\ < *>. 

Show that a sufficient condition for the existence of the tiansform X(s) at s = 
s o = o"o + ju>ft is that 



I 



X(f)€~^'dt <*, 
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In other words, show that x(t) exponentially weighted by e~™ n * is absolutely inte- 
grablc. You will need to use the result that, for a complex function f(t), 



h 
fifidt 



|/(D| dt. (P9.56-1) 

hi 



Without rigorously proving eq. (P9.56-1). argue its plausibility, 

9.57* The Laplace transform X(j) of a signal _*(/) has four poles and an unknown number 
of zeros. The signal x(0 is known to have an impulse at / = 0. Determine what 
information, if any, this provides about the number of zeros and their locations, 

9.58. Let h(t) be the impulse response of a t ausal and stable LTl system with rational 
system function H(s). Show that g(r) = (R*{/i(/)} is also the impulse response of a 
causal and stable system. 

9£*)„ If EC(.t) denotes the unilateral Laplace transform of *(/), determine, in terms of 3C( s), 
the unilateral Laplace transform of; 
(a) *0- 1) Cb) x{r+\) 

(C) f\x(r)dr (d) ^ 

EXTENSION PROBLEMS 

9,60. In long-distance telephone communication, an echo is sometimes encountered due 
to the transmitted signal being reflected at the receiver, sent back down the line, re- 
flected again at the transmitter, and returned to the receiver. The impulse response 
for a system that models this effect is shown in Figure P9.60, where we have as- 
sumed that only one echo i.s received The parameter T corresponds to the one-way 
travel time along the communication channel, and the parameter <x represents the 
attenuation in amplitude between transmitter and receiver 



h(t) 

a 2 



J t 



3T t Figure P9.G0 



(a) Determine the system function H(x) and associated region of convergence foi 
the system. 

(b) From your result in part (ah you should observe that H{s) does not consist of a 
ratio of polynomials. Nevertheless, it is useful to represent it in terms of poles 
and zeros, where, as usual, the zeros are the values of s for which //(j) = 
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and ihc poles are the values of a for which l/J/{r) = 0. Fur the system function 
found in part (a), determine the zeros and demonstrate that there are no poles. 

(c) From your result in part (b), sketch the pole-zero plot fur HU) 

(d) By oonsidering the appropriate vectors in the x-plane, sketch the magnitude of 
the frequency response of the system. 

9.61. The autocorrelation function of a signal x(t) is defined as 



$* x (t) = x(iU{i + T)di. 

(a) Determine, in terms of x{t\ the impulse response ft(r) of an LTl system for 

which, when the input is ,*(/)• the output is <£ er (/) [Figure P9.fi 1(a)], 
(b> From your answer in part (a), determine* M (j), the Laplace transform of <f> y ,(t) 

in terms of X{s). Also, express $* xx (J4j), the Fourier transform of <£ ta (t), in 

terms of X(jw). 
(c) If i(j) has the pole- zero pattern and ROC shown in Figure 1*9.61 (b), sketch the 

pole zero pattern and indicate the ROC for C ,(t). 



xftj 



h(t;. 



■*- +<*(*) 



(a) 



Figure P9-61 



9m 



I 
I 
I 
I 
I 

-*■ 
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(b) 



«* 



9,61 In a number of applications m signal design and analysis, the class of signals 

<MO = e- ,tl L ti {t)u{t\ n = 0, I, 2 (P9.62-1) 

where 



rf" 



L »v>-^< r "^ 



(P9.62-2) 



is erieountered. 

(a) The functions L„{t) are referred lu as l&guerrt polynomials. To verify that they 
in fact have the furm of polynomials, determine Ln(t), Li(t\ and L^OexpIicitly. 

(b) Using the properties of the Laplace transform in Table 9J and Laplace trans- 
form pairs in Table 9.2, determine the Laplace transform *„<v) of 4> r ,{t). 

{«) The set of signals $„{t) can be generated by exciting a network of the form in 
Figure P9.62 with an impulse From your result m part (b), determine f# t (j> 
and // 2 (y) &t that the impulse responses along the cascade chain are the signals 
tf>,i{t) as indicated. 
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Figure P9.62 
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9,63. In filter design , it is often possible and convenient to transform a lowpass filler to 
a highpass filter and vice versa. With H{s) denoting the transfer function of the 
original filter and G{s) that of the transformed filter, one such commonly used trans- 
formation consists of replacing s by 1/j; that is, 

G W = *(!). 

(a) For His) = 1/(j + 1/2), sketch \H(jta)\ and G(»|. 

{b} Determine the linear constant-coefficient differential equation associated with 
H{s\ and with G{s)< 

(c) Now consider a more general case in which H(s) is the transfer function asso- 
ciated with the linear constant-coefficient differential equation in the general 
form 



(P9.6^1> 



Without any loss of generality, we have assumed that the number of derivatives 
N is the same on both sides of the equation, although in an> particular case, 
some of the coefficients may be zero. Determine H(s) and G{s), 
(d) From your result ir part (c), determine, in terms of the coefficients in 
eq. (P9,63-l), the linear constant-coefficient differential equation associated 
with C(j). 

9.64, Consider the RLC circuit shown irt Figure 9,27 with input x{t) and output y(t). 
(a) Show that if /?* U and C are all positive, then this LTI system is stable. 
<b) How should R, L, and C be related to each other so that the system represents a 
second-order Butterworth filter? 

9*65* (a) Determine the differential equation relating v E (f) and vq(0 for the RLC circuit 
of Figure P9.65. 





Figure P9.6S 
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(b) Suppose that v,{t) - e ^u(t). Using the unilateral Laplace transform, deter- 
mine vjj) for { > 

9,66, Consider the RL circuit shown in Figure P9<66. Assume that the current i{t) has 
reached a steady state with the swiich at position A. At time t = 0, the switch is 
moved from position A to position B. 



5 







m 



r 



Figure P9.66 



(a) Find the differential equation relating j(f) and V2 for t > 0~ . Specify the initial 

condition (Le. + the value of *(0~)) for this differentiaJ equation in terms of V|. 
(t») Using the properties of the unilateral Laplace transform in Table 9.3 , determine 

and plot the current tit) for each of the fol lowing values of V] and v^ : 

(i) v, - V\ V2 ^ 2 V 

(ii) v, =* 4 V, V2 = V 

(iii) i>, =4V t vi = 2V 

Using your answers for (i), (ii), and (iii), argue that the current i<f) may be 

expressed as a. sum of the circuits zero-state response and zero-input response. 
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10.0 INTRODUCTION 



In Chapter 9, we developed the Laplace transform as an extension of the continuous-time 
Fourier transform. This extension was motivated in part by the fact that ii can be applied 
to a broader class of signals than the Fourier transform can T since there are many sig- 
nals for which the Fourier transform does not converge but the Laplace transform does. 
The Laplace transform allowed us, for example, to perform transform analysis of unstable 
systems and to develop additional insights and tools for LT1 system analysis. 

In this chapter, we use the same approach for discrete time as we develop die z- 
transform, which is the discrete-time counterpart of the Laplace transform. As we will 
see, the motivations for and properties of the ^-transform closely parallel those of the 
Laplace transform. Just as with the relationship between continuous-time and discrete- 
time Fourier transforms, however, we will encounter some important distinctions between 
the z-transform and the Laplace transform that arise from the fundamental differences 
between continuous-time and discrete-time signals and systems. 



10,1 THE z-TRANSFORM 



As we saw in Section 3.2, for a discrete-time linear time-invariant system with impulse 
response &[«], the response y[n\ of the system to a complex exponential input of the form 
t is 

y[n] = H&z n > O0.1) 



74T 



742 The z-Transforrr Ctiap. 10 

where 

For z. - e jbi with w real (i.e., with |j[ = I ), the summation in eq. (10 2) corresponds to 
the discrete-time Fourier transform of h[ri\. More generally, when \z\ is not restricted tc 
unity, the suttimatiAn is referred to as the z-iransfarm of &[«]. 

The ^-transform of a general discrete-time signal x\n] is defined as 1 



■+-X. 

A 



#U) = X *M*~ fl . 



:io-3) 



where j is a complex* variable. For convenience, the ^triinifcrm of *[*] will sometiitt^ 
be denoted as Z{jc[nJ} and the relationship between x[n] and its z-transform indicated as 

jc\ft] J-> X{z). {10.4) 

In Chapter 9, we considered a number of important relationships between the 
Laplace transform and the Fourier transform for continuous-time signals In a similar, but 
no; identical way T there are a number of important relationships between the z-tran&form 
and the discrete-time Fourier transform. To explore these relationships, we express the 
complex variable z in polar form as 

z - re**, {105) 

with r as the magnitude of z and w as the angle of z. In terms of r and at, eq, (10,3) becomes 

X{re JlJi ) = ^ xWire^r", 

or cquivalently, 

+■* 
X{re J **) = ^{x[n]r~ n }e^ Jt0Ji . (10,6) 

rt = — « 

From eq. (10.6), we see that X{re* w ) is the Fourier transform of the sequence x[n\ 
multiplied by a real exponential r~"; that is, 

Xire 1 ™) = ${x[rt]r~ B i (10.7) 

The exponential weighting r~" may be decaying or growing with increasing /i, depending 
on whether r ia greater than or less than unity. We note in particular that, for r = 1, or 



1 The ^-transform defined in eq. (10 3) is often referred to as the bilateral ^-transform, to distinguish 
it from the unilateral ^rautforwi, which we develop in Section 109. The bilateral E-tratisfnmi involves a 
summation from -» m +x h while ihe unilateral transform, has a form similar to eq. (lU3) t but wiih summation 
limits from to +=. Since we are mostly concerned with the bilateral z-tran&frrm. we wtJJ refer to X(_z) as 
defined ineq. (1 0.3 J simply as the ^-transform, -except in Section 10.9* in which we use the worth ''unilateral" 
and "bilateral" to avoid ambiguity. 
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eqiuvalemly, |;| = L eq. (10.3) reduces to the Fourier transform; that is, 



X(z) 



;=f ,a 



= X{e^} = EFWnlK 



(10.8) 



The relationship between the ^-transform and Fourier transform for discrete-time 
signals parallels closely the corresponding discussion in Section 9.1 for continuous-time 
signals, but with some important differences. In the continuous-time case, the Laplace 
transform reduces to the Fourier transform when the real pan uf the transform variable is 
zero. Interpreted in terras of the s-plane, this means that the Laplace transform reduces to 
the Fourier transform on the imaginary axis (i.e., for s = jnt\ In contrast, the z-transform 
reduces to the Fourier transform when the magnitude of the transform variable z is unity 
(i.e h for z = e^). Thus T the ^-transform reduces to the Fourier transform on the contour 
in the complex ^-plane corres pending to a. circle with a radius of unity, as indicated in 
Figure 10.1. This circle in the z-plane is referred to as the unit circle and plays a role in 
the discussion of the ^-transform similar to the role of the imaginary axis in the s-plane for 
the Laplace transform. 



Unit circle 



z-plane 




Figure 10. J Complex z-plane The 
z-transform reduces to the Fourier 
transform lor values of z on the unit 
Circle. 



From eq. [10.7), we see that, for convergence of the ^-transform, we require that the 
Fourier tramfonn of x[ri]r~" converge. For any specific sequence x[n], we would expect 
this convergence for some values of /-and not for others. In general, the e-tran sform of a 
sequence has associated with it a range of values of z for which Xii) converges. As with 
the Laplace transform, this range of values is referred to as the region of convergence 
(ROC). If the ROC includes the unit circle, then the Fourier transform also converges. To 
illustrate ifie ^-transform and the associated region of convergence, let us consider several 
examples. 

Example 10.1 

Consider the signal x\n\ = a"u[n]. Then, from eq. (10.3}, 

X(e) - X ^[njz"* - ^Jaz ( ) n . 

a- * n = \i 

For convergence of X(z) t we require (hat X*-ti l«£ _1 | n < *■ Consequently, the region 
f)fc«nvergenceistherangeofvaluesof^forwhich \az~ '| < I , oj equivalent!}, ~| > |o|. 
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Then 



i = 



u<w 



Thus h the ^-transform for this signal is well-defined foi any value cf a, with an ROC 
determined by the magnitude of a according to eq> ( 1 Q>9). For example , for a — I , _i[h] 
is the unit step sequence with £- transform 



X{z) = 



\ 



1-r' 



\z\ > 1. 



We see that the ^-transform in eq. (10^9) is a rational function. Consequently, just 
as with rational Laplace transforms, the z-transform can be characterized by its zeros (the 
roots of the numerator polynomial) and its poles (the roots of the denominator polyno- 
mial]. For this example, there hone zero, at z - 0, and one pole, at £ = a. The pole-Tero 
plot and the region of convergence for Example 10. 1 are $howo in Figure 102 for a value 
of a between O and 1. For \a\ > \, the ROC does not include the unit circle, consistent 
with the fact that, for these values of a. the Fourier transform of a^uLnJ does not converge. 




Figure TO.2 Pete -zero plat and region of convergence for Example 101 for 
< a< 1, 



Example 1 0.2 

Now let x[n] = -a*«[-n - IJ.Then 

+x -] 

= -iyv-i-SB-'ir. 

If\a [ z\ < l T or equivalentlyj^l < ]a| T tht sum in eq. (10. 10) converges and 



XW = 1 - 



I - a l z 1 — az 



— n-T-l 



z~ a 



, \z\<H 



(10,10) 



(lo.in 



The pole-zero plot and region of convergence fox this example are shown in Fig- 
ure 103 for a value of a between D and 1. 
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Figure 10,3 

Q<a<\. 



Pole-zero plot and region of convergence for Example lfi_2 lor 



Comparing eqs. (109) and < 10.11), and Figures 10.2 and 10.3, we see that the al- 
gebraic expression for X{z) and the corresponding pole-zero plot are identical in Exam- 
ples 10.1 and 10.2, and the ^-transforms differ only in their regions of convergence. Thus, 
as with the Laplace transform, specification of the ^-transform requires both the algebraic 
expression and the region of* convergence. Also, in both examples, the sequences were 
exponentials and the resulting --transforms were rational. In fact, s& further suggested by 
the following examples, X\z) will be rational whenever x[n\ is a linear combination of real 
or complex exponentials: 

Example 10.3 

Let us consider a signal that is the sum of two real exponentials 
The ^-transform js then 

-'Z( 5 )"W-«Sfjj** 



(10,12) 



1-|*' 



z(z- ^> 



C - X*- ) 



(10.13) 
(1U.14) 

(1DJS> 



For convergence of X{z\ both sums in eq. (10.13) must converge, which requires 
thatb0lh|{!/3)£ -E | < J and|(J/2)^ _1 1 < 1 , or equivalently, ] E | > ]/3and|^ > 1/2. Thus, 
(he region of convergence is Id > 1/2. 
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The ^transform for this example can alio be obtained using the resuhs of Exam- 
ple 10 1. Specifically, from the definition of the ^-transform in eq, {10.3), we see that the 
^-transform is linear; that is, if x[it] is the sum of two terms, then X{z) will be the sum 
of the ^transforms of the individual terms and will converge when both ^-transforms 
converge. From E&turjplc 10,1, 



^'«w^ 



1 



1- z 



~\ 



and 



mid consequently. 



Mr* 2 1 



lz>T 



N > ±, 



(10.16) 



(10.17) 



7|i) Mini -6(5) «l"J 



(10. IS) 



1-^- 



_ 1 ,- 1 " 



\-- 2 z 



14 >i- 



as we determined before. The pole-zero plot and ROC for the ^-transform of each of the 
individual terms and for the combined signal are shown in Figure 10.4. 



z plarte 





M 



(b) 




Z'plane 



(c) 



Figure 1 0.4 Pole-zero plot ar-d region of convergence for the individual terms 
andtrn)suminE>ampleia3;[a)V{1 - \r\\z\> \\{h)V(\ - \z-*) ti z\> \\ 



1 T -i 



(c)7/(1 - >z 



)-6/(1-}z- 1 ) 1 |z|>}. 
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Example TO. 4 

Let iL-v consider the signal 



The z-transfonn of this signal is 



- j(\^ n yu[n] - ^\e- J ^ru[nl 






W*« 



1 /] 



lj\3 



tfjn] - r. -e"'^ *T«3h: 



-££ 



^j*", J 



I 1 



)"- 



_1_ 
2j 



I 1 



_Ly ' -^- 



(10,19) 



2j 1-, ^J^r 1 2j 1 ^1* jt^s i' 



or equivalent]}'. 



JCC^J = 



T£ £ 



U~ {*>***){!- {e <"") 



(1020) 



For convergence of X(z), both sums Lneq, (10.19) must converge, which requires 
that |(l/3y ,w i" J | < 1 afld 1(13)^ j *'*E ' [ < 1, or equivalent^, [ij > L/3. The pole 
zero plot and ROC for this example are shown in Figure 10.5. 




z-p\ar\m 



Figure 10. S Pole-zero plot and ROC Tor the /-transform in Example 10.4, 



In each of the preceding four examples, we expressed the z-tran&rurm both as a 
ratio of polynomials in z and as a ratio of polynomials in z~ l . From the definition of 
the ^-transform as given in eq. (lQ.3) b we see that* for sequences which are zero for 
n < 0, X(z) involves only negative powers of z. Thus, for this class of signals, it is partic- 
ularly convenient for X(z) to be expressed in terms of polynomials in ; " ' rather than z, and 
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when appropriate, we will use Chat form in our discussion. However, reference to the potes 
and zeros is always in terms of the roots of the numerator and denominator expressed as 
polynomials in z. Aiso T it is sometimes convenient to refer to X{z), written: as a ratio of 
polynomials in z* as having poles at infinity if the degree of the numerator exceed* the 
degree of the denominator or zeros at infinity if the numerator is of smaller degree than 
the denominator 



1 0,2 THE REGION OF CONVERGENCE FOR THE z-TRANSFORM 

Jn Chapter 9, we saw thai there were specific properties of the region of convergence 
of [he Laplace transform foe different classes of signals and that understanding these 
properties led to further insights about Che transform. In a similar manner, we explore 
a number of properties of the region of convergence for the ^-transform. Each of the 
following properties and its justification closely parallel the corresponding property in 
Section 9.2. 



Property li The ROC of X{z> consists of a ring in the z-plane centered about the 
origin. 



This property is illustrated in Figure 10.6 and follows from the fact that the ROC 
consists of those values of z = re Jtt for which x[n]r~ n has a Fourier transform that con- 
verges. That is, the ROC of the ^-transform of x[n] consists of the values of z for which 
*[H]r~" is absolutely summable: 2 



2 IM«]|i 



(10.21) 



z -plane 




Figure 1 O,* ROC as a hng in the 
z-piarrc. \n soma cases, the inner 
boundary can extend inward to the, ori- 
gin, in which case the ROC becomes a 
disc. In other casra, the outer, bound- 
ary can extend outward to infinity. 



3 For a thorough treatment of the mathematical properties of i-transfoiras, see R.V Churcjull and I.W. 
Brown, Complex Variables and Applications (Sth ed.) (New York: MeGraw-HilL 1*90), and E. I. Jury, Theory 
and Application of the z-Transform Method (Malabar, FL: R. E. KriegcrFub Co., 19821. 
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Thus* convergence is dependent only onr= \z\ and not on &*, Consequently, if a 
specific value of z is in the ROC^ then all vaLues of z on tie same circle (i.e., with the 
same magnitude) will be in the ROC. This by itself guarantees that the ROC will con- 
sist of concentric rings. As we will see when we discuss Property 6, the ROC must in 
fact consist of only a single ring. In some cases the inner boundary of the ROC may ex- 
tend inward to the origin, and in some cases the tauter boundary may extend outward to 
infinity. 



Property 2: The ROC does not contain any poles. 



As with the Laplace transform, this property is simply a consequence of the fact that 
at a pole X{z} is infinite and therefore, by definition, does not converge. 



Property 3: If x[ri] is of finite duration, then the ROC is the entire ;- plane, except 
possibly z. - and/or z = ^. 



A finite -duration sequence has only a finite numher of nonzero values, extending, 
say, from n = N y to n = Ni. where A F 1 and N 2 are finite. Thus, the ^-transform is the sum 
of a finite number of terms; that is, 

fit, 
X{z) = ^ x\n\z~ n (10.22) 

For z not equal to zero or infinity, each term in the sum will be finite, and conse- 
quently, X{£) will converge. If jV : is negative and JV^ positive, so that x]ti] has nonzero 
values both f or n < and n > 0, then the summation includes terms with both positive 
powers of z and negative powers of t. As \t\ — * 0, terms involving negative powers of 
z become unbounded, and as \z\ — * «■, terms involving positive powers of z become un- 
bounded. Consequently, for N\ negative and N 2 pesitive, the ROC does not include z — 
or z - <*, If tf i is zero or positive, there are only negative powers of z in eq. ( 10.22), and 
consequently, the ROC includes t = ». If N 2 is iero or negative, there are only positive 
powers of z in eq. (10.22) b and consequently, the ROC includes z = 0. 

Example TO. 5 

Consider the unit impulse signal & [n]. Its s-tTansfonn is given by 

8{rt] «— + 21 &&]£'* = 1* (lt>,23) 

/\- -- 

with an ROC consisting of the entire :-plane H including i = and z = ». On the other 
hand, consider the delayed unit impulse S[n— l], for which 



z 1 = 



(10. 24) 
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This ;-transform is well defined except at z = G> where there is a pole. Thus T the ROC 
consist* of the entire z-p]ane t including z = ™ but excluding z - G. Similarly, consider 
an impulse advanced in time, namely, S\n + IT In. this case h 



£[n + l] *i-> ^Sln-Uz* = 



(10,25) 



which is well defined for all finite values of *. Thus, the ROC consists of the entire finite 
z-plane (including z = 0)* but there is a pole at infinity. 



Property 4; If x[n] is a right-sided sequence, and if the circle |z| = r is in the ROC, 
then all finite values of z for which \z\ > r n will also be in the ROC. 



The justification for this pioperty follows in a manner identical to that of Property 4 
in Section 9.2. A right-sided sequence is zero prior to some value of n, say, N\. If the 
circle | z\ = r^ is in the ROC T then x[n]r^ n is absolutely summable. Now consider |z| = ^ 
with r\ > r ()l so that r, n decay* more quickly than r^" for increasing n. As illustrated 
in Figure 10.7, this more rapid exponential decay will further attenuate sequence values 



• 



Nt 



x(n] 



Ui 



llllllllimnmiiT 



*' 



lilt 







r.^iv 



IlTlTlTfitw+w 



Figure 1 0,7 Witt r t > r ,x[ri\r,- n 
Decays faster with increasing n than 
Goes x\rt]r^ p . Since x\n\ *= r n < ty. 
this implies that if xfnjrg " is abso 
lutely summable, then x\tt]r^ n wil be 
also. 
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for positive values of n and cannot cause sequence values for negative values of n to be- 
come unbounded, since x[n] is right sided and, in particular, x[n\z~ n = for n < I\'i . 
Consequently, x[n]r{ a is absolutely summable. 

For right-sided sequences in general, eq. (103) takes the form 

X(t) = X *l n te~ a > (10.26) 

where Ni is finite and may be positive or negative. If N s is negative, then the summation 
in eq. (10.26) includes terras with positive powers of ;, which become unbounded as \z\ -» 
3c. Consequently, for right-sided sequences in general, the ROC will not include infinity. 
However, for the particular class of causal sequences, }.e, T sequences thai are zero for 
n <0,N\ will be nonnegative, and consequently, the ROC will include z ~ *- 



Property 5: If x[n] h a left-sided sequence, and if the circle \z\ = ty is in the ROC, 
then all values of z for which < \z\ < r wilt also be in the ROC. 



Again, this property closely parallels the corresponding property for Laplace trans- 
forms, and the proof of it and its basis in intuition are similar to the proof and intuition 
for Property 4. In general, for left-sided sequences, from eq. (10.3), the summation for the 
^-transform \^ill de of the form 



^n 



X{z) - ^ xWz'". (10.27) 

where N 2 may he positive or negative. If A r 2 is positive, then eq. < 10.27) includes negative 
powers of z, which become unbounded as |z| — * 0. Consequently, for left-sided sequences, 
the ROC will not in general include z = 0. However, if N<i == (so that x[n\ = for all 
n > 0), the ROC will include z = 0. 



Property 6: Jf x[n] is two sided, and if the circle \z\ = ro is in the ROC, then the 
ROC will consist of a ring in the ^-piane that includes the circle |d =* r [h 



As with Property 6in Section 9,2, the ROC for a two-sided signal can be examined 
by expressing x[n] as the sum of a right-sided and a left-sided signal. The ROC for the 
right-sided component Is a region bounded on the inside by a circle and extending outward 
to (and possibly including) inanity. The ROC for the left- sided component is a region 
bounded on the oufcide by a circle arid extending inward to, and possibly including, the 
origin. The ROC for the composite signal includes the intersection of the ROCs of the 
components. As illustrated in Figure 10.8, the overlap (assuming that there is one) is a 
ring m the z-plane. 

We illustrate the foregoing properties with examples that closely parallel Exam- 
ple* 9.6 and 9.7. 
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(b) 



z-plane 




Figure 1 0.8 (a) ROC far right-sided sequence; (b) ROC for left-sided sequence; 
(c) intersection of the ROCs in (a) and (b) h representing the ROC for a two-sided se- 
quence that is the sum of the right-sided and the left-sided sequence. 

Example 10.6 

Consider the signal 

[ O h otherwise 
Then 



fJ-\ 



X(z) ^^a n z 






- 2>-v 



n-<i 



1 -az~\ 



z»-a» 



7?*-\ T- 



z~ a 



(10.2&) 
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Since x[n J is of fi nira Length, it fo I Jo ws from Property 3 thai the ROC i deludes ihc entire z- 
plane except poisibly the origin and/or infinity. In fact, from our discussion of Property 3 T 
since x.[n) is zero for n < 0, the ROC will extend to infinity. However, since x[ti] is 
nonzero for some positive values of n, the ROC will not include the origin. This is evident 
from eq. £10.28), from which we see that there is a pole of order N — 1 at z = 0. The N 
roots of the numerator polynomial are at 



Zv = off 2 '*""*. 



k = a 1 H - 1. 



(10.29) 



The root for k = cancels the pole at z = a. Consequently, there are no poles other than 
at the origin. The remaining zeros are at 



Z* - ae* 1 **^ k = 1 JV-1. 

The pole-zero pattern is shown in Figure 10.9. 



(10,30) 



(N-iJst order pate 



Unit circle 




Figure 10,9 Pole-zero pattern for Btampte 10.6 with H = 16 and 
< 3 < 1, Th* region of convergence for this example consists of aJI 
values of z- except z = 0, 



Example I 0.7 

Let 



j[n] - ^ fc > a 



(10.31) 



This two-sided sequence is illustrated in Figure 10.1Q t far both b < 1 and b > 1, The 
^-transform for the sequence can be obtained by expressing it as the sum of a right-sided 
and a left-sided sequence. We hive 



x[n\ = i^tr[rt] + b~ n u[-n - 1]. 



(10.32) 



From. Example 10.1, 



6"m[b] 



1 -bz~ l * 



k\ > b. 



and from Example 10,2, 



b "u[-n- 1] 



-1 



l -6-"r'' 



U < j- 



(10.33) 



(10.34) 
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Frgure 10.10 Sequence *[n] = fll" ' for < b< 1 andfor&> l:<a> b = 
0,95; (b)b= 1.05. 



In Figures 1 0. 1 1 (aMd) ^e show the pole-zero pattern and ROC for eqs. [10,33) 
and ( 1 0.34), fur values of b > 1 and < b < I . For 6 > I . there is no common ROC 
and thus the seqiWKe in eq. (10,31) wiU not have a i-transfonn. even though the righl- 
sided and left-sided components do individually. For b < I, the ROCs in eqs. (10.33) 
and (10,34) overlap, and thus the z-trajisfbrm for the composite sequence is 



or equivalently. 



X(z) - F^ " TT^t^t- *<W< 5 . 



™ = ^r^; — i^r — ^< *> < 1*1 < i 

fc (z - frXz — p c ) o 



(10.35) 



(10.36) 



The coirespoiidbg pole-zero pattern and ROC are shown in Figure 10.11(e). 
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z-plane 




Unit circle 




Figure 10,11 Pole-zero plotsand RDCs for Example 10,7: (a)eq (1033) far 
6^1;{b)eq (10,34) for ft > 1, (c)eq. (10,33) for < b< 1;(d)eq (10.34) for 
< b< 1; (e) pole-zero plot and ROC for eq. (10.36) ivftrtO < ft < 1.Forft> 1, 
the /-transform of x[n] in eq, (10.31 J does not converge for any value of z. 
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In discussing the Laplace transform in Chapter 9, we remarked that for a rational 
Laplace transform, the ROC is always hounded by poles or infinity. We observe that in 
the foregoing examples a similar statement applies to the ^transform, and in fact, this is 
always true: 



Property 7: Tf the s-transfbrm X(z) of x[n] is rational, then its ROC is bounded by 
poles or extends to infinity. 



Combining Properly 7 with Properties 4 and 5, we have 



Property 8: If the ^-transform X(z) of x[n] is rational, and if x[n] is right sided, then 
the ROC is the region in the s-plane outside the outermost pole — i.e., outside the circle 
of radius equal to the largest magnitude of the poles of X(z). Furthermore, if x[n is 
causal (Le. T if it is right sided and equal to for n < 0), then the ROC also includes 



Thus, for right-sided sequences with rational transforms, the poles are all closer to 
the origin than is any point in the ROC. 



Property 9: If the s-transform X(z) of x[n] is rational, and if x[n] is left sided, then 
the ROC is the region in the z-plane inside the innermost nonzero pole — i.e., inside the 
circle of radius equal to the smallest magnitude of the poles of X{z) other than any at 
£ - and extending inward to and possibly including z = 0. In particular, if x[n] is 
I antic ausal (i.e., if it is left sided and equal to for n > 0), then the ROC also includes 
z = 0. 



TTnis, for left-sided sequences, the poles of X(z} other than any at z = are farther 
froin the origin than. Is any point in the ROC, 

For a given pole-zero pattern, or equivalently, a given rational algebraic expression 
X{z\ there are a limited number of different ROCs that are consistent with the preceding 
properties. To illustrate how different ROCs can be associated with the same pole-zero 
pattern, we present the following example, which closely parallels Example 9.B. 

Example 10.8 

Let us consider all of the possible ROCs that can he connected with the function 

* w - (M r-il-2r') - («>■*> 

The associated pole-zero pattern is shown in Figure 10.12(a). Based on our discussion 
in this section, there are three possible ROCs that can be associated with this algebraic 
expression for the ^-transform. These ROCs are indicated in Figure 10»l2(b)-(d)»Each 
corresponds to a different sequence. Figure 10.12(b) is associated with a right-sided 
sequence, Figure 10.12(c) with a left-sided sequence, and Figure 10.12(d) with a two- 
sided sequence. Since Figure 10.12(d) i* the only one for which the ROC includes the 
unit circle, the sequence corresponding to this choice of ROC is the only one of the three 
for which the Founer transform converges. 
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Figure 1 0.12 The three possible ROCs that can be connected wrth the 
expression for the z-transform in Example 10.3: (a) pole-zero pattern for K{z)\ 
{*) pole-zero pattern and ROC if x[n] te right sided; (c) pole-zero pattern and 
ROC if x[ri\ Is left sided; (d) pols-zsro pattern and ROC if x[n] is two sided. In 
each case, the zero at the origin is a second-order zero. 
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In this section, we consider several procedures for determining a sequence when its z- 
transform is known. To begin, let us consider the formal relation expressing a sequence in 
terms of its ^-transform. This expression can be obtained on the basis of the interpretation, 
developed in Section JO. 1, of the z-transform as the Fourier transform of an exponentially 
weighted sequence. Specifically, as expressed in eq. (10.7) b 



X(re^) = ${x[Ti\r "}, 



(10.38) 



for any value of r so that z - re-™ is inside the ROC. Applying the inverse Fourier trans- 
form to both sides of eq. (10,38) yields 



x[n]r- n = ff-'WCw"")}, 
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or 

x[n] = r^- l \X(rt*°)]. (10.39) 

Using the inverse Fourier transform expression in eq, (5.8), we have 

or, moving the exponential factor r n inside the integral and combining it with the term 

r[w] = J- { Xire^Kre^Y'du. (10.40) 

That is t we can recover x\n] from its ^-transform evaluated along a contour z ~ re*™ in 
the ROC, with r fixed and w varying over a 2tt interval. Let us now change the variable 
of integration from <n to z. With z — re J< " and r Axed, dz — jre^dw — jzdbt, or Jo> = 
(l/j}z~ l dz. The integration in eq T (10.40) is over a 2v interval in at, which, in terms of 
E, corresponds to one traversal around the circle \z\ ~ r. Consequently, in terms of an 
integration in the z-p*ane T eq. (10,40) can be rewritten as 



w ■ srf 



4"] = =^q>JrU)? <*z. 



(10.41) 



where the symbol O denotes integration around a counterclockwise closed circular contour 
centered at the origin and with radius r. The value of r can be chosen as any value for 
which X[z) converges — i.e, T an> value such that the circular contour of integration Jj| *= r 
is in the ROC. Equation (10.41 ) is the formal expression for the inverse --transform and 
is the discrete-time counterpart of eq. (9.56) for the inverse Laplace transform. As with 
eq. (9^56), formal evaluation of the inverse transform equation (10,41) requires the use 
of contour integration in the complex plane. There are, however," a number of alternative 
procedures for obtaining a sequence from its ^transform. As with Laplace transforms, one 
particularly usefui procedure for rational ^-transforms consists of expanding the algebraic 
expression into a partial-fraction expansion and recognizing the sequences associated with 
the individual Terms. In the following examples, we illustrate the procedure. 

Example T0.9 

Consider the z-transform 

i- V 

*U) = - — r -— -i kl > I U0 42j 

U-^-'K1-;k 3 ) 

There are two poles, one at z *- 1/3 and one at z = 1/4, and the ROC' lies otitsioe the 
outermost pole. That is, (he ROC consists of all points with magnitude greater than that 
of the pole with the Larger magnitude, namely die pole at e = 1/3, From Property 4 in 
Section 10-2, we [hen know that the inverse transform is a nght-sided sequence. As 
described in the appendix, X(z) can be expanded by the method of partial fractions. For 
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this example, the p&itial-fracdun expansion, expressed: in polynomials in z ' T is 

X(0 = r-iFT + n^- »**> 

Thus, je[&] is the sum of two terms, one with z-transfonn l/[ 1 - ( I f4)z ' J and the 
other with s-transfarm 2/[l — (l/3)z -, l. In order to determine the inverses-transform ol 
each of these individual terms* we must specify the ROC associated wit* each. Since 
the ROC for X(z) is outside [he outermost pole, the ROC for each individual terra in 
eq. (10.43) must also be outside the pole associated with thai term. That is, the ROC 
for each ttrm consists of all points with Tnagrritude greater than the magnitude of the 
corresponding pole. Thus, 

*M = xi[n\ + x 2 [nl (10.44) 

where 

*,[„] +i_> — L^ W > |> (10,45) 

xi[«] +^-» T \ , W > J. (10.46) 

1 - \z~ l 

From Example 1 0. 1 , we can identify by inspection that 

x x \n\ -^Jii[n] U0.47) 



and 



and thus. 



^itnl = 2 I^1 ^l (10.48) 



JrW = ({) »["J + 2/ij u[Fil (10,49) 

Example tO.TO 

Now Let us consider the same algebraic expression for X[z) as in eq. (10,42), but with 
the ROC for X{z) as 1/4 < |z| < 1/3. Equation < 10,43) h still a valid partial fraction ex- 
pansion of the algebraic expression for X(z) t but the ROC associated with the individoal 
terms will change. In particular, since the ROC for X{z) is outside the pole at z = U4 t 
the ROC corresponding to this term in eq. ( 1 0,43) is also outside the pole and consists of 
all points with magnitude greater than 1/4, as it did in the previous example. However, 
since in this example the ROC for X(z) is inside the pule at z = 1/3, that is, since the 
points in the ROC ail have magniUide less than 1/3, the ROC corresponding to this term 
must also lie inside this pole. Thus, the ^-transform pairs for the individual components 
in eq. (10,44) are 

*iW " TCrrr- |s| > *- (10 - so > 
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and 



z x , , i 



The signal jci [n] remain!; as in eq. (10,47), while from Example 10.2, we can identify 



!)V. 



*l[*] = -2I3 I «[-rt-l], (10 52) 



so that 



*[*] = A) «[n] " 2^] «E-« " 13- 1 10-53) 

Example 1 0. 1 1 

Finally, consider X{z) as in eq. [10.42), but now with Ok ROC \z\ < 1/4. In this case the 
ROC is inside both poles. I.e., the points in the ROC all have magnitude smaller than 
eithei of the poles at z = 1/3 or z = 1/4, Consequently the ROC for each term in the 
partial-fraction expansion in eq. (10.43) mutt also lie: inside the corresponding pole. As 
a result, the ^-transform pair for x\ [n] is given by 

*i[fl] «-^+ \—r, \z\ < \ (10.54) 

1 - -z ^ 

while the ^-transform pair for JCjln] is given by eq. (10.51), Applying the result of Ex- 
ample 10.2 to eq. (10.54), we find that 

*[«} = -0J w{-h-H 

so that 



--&T- 1 — - "- a 6J 



The foregoing examples illustrate the basic procedure of using partial-fraction ex- 
pansions to determine inverse ^-transforms. As with the corresponding method for the 
Laplace transform, the procedure relies on expressing the ^-transform as a linear com- 
bination of simpler terms. The inverse transform of each term can (hen be obtained by 
inspection. In particular, suppose that die partial-fraction expansion of Xlz) is of the form 

so that the inverse transform of X(z) equals the sum of the inverse transforms o f Ote i ndi vid- 
ua! teixns in the equation. If the ROC of X(z)h Outside the pole atz = a lt the inverse trans- 
form of the corresponding term in eq. (10.55) is Aia*u[ri}. On the other hand, if the ROC 
of X(z) isinsidt the pole at z = a r \ the inverse transform of this term is -A t a"u[ — n- 1]. 
In general, the partial-fraction expansion of a rational transform may include terms in 
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addition to the first-order cerms in eq. (10.55). In Section 10.6 T we list a number of other 
^-transform pairs that can be used in conjunction with the ^-transform properties to be 
developed in Section 10.5 to extend the inverse transform method outlined in the preceding 
example to arbitrary rational z- transforms. 

Another very useful procedure For determining the inverse ^-transform relies on a 
poiver- series expansion of X(z) This procedure is motivated by the observation that the 
definition of the ^-transform gi\en in eq. (10-3) can be interpreted as a pt>wer series in- 
volving both positive and negative powers of z. The coefficients in this power series are, 
in fact, the sequence values x\n\. To illustrate how a power-series expansion can be used 
to obtain the inverse ^-transform, let lis consider three examples. 

Example 10.12 

Consider the ^-transform 

X{z) ^ 4r 2 + 2 4- * E ', < U, < » < 10.56^ 

From the power-series definition of the ^-transform in eq r (10-3), we can determine the 
inverse transform of K{z) by inspecting 



That is. 



4, n = -2 

2, n -0 

X n = 1 

0, otherwise 



*f n] = 4S[n + 2] + 2&[rt] + 3S[rt - l\ ( 10,57) 

Comparing eqs. ( 1 0.56) and { 1 0,57 )„ we see (hat different powers of z serve as placehold- 
ers for sequence values at different points in time, i.e., if we simply use the transform 

rwtir 



8[n + fl u ] ■* ► £*•>, 



we can immediately pass from eq. (10.56) to ( 1 Q h 57) and vice versa, 
Example TO. 13 

Consider 



1 - az ' 



This expression can be expanded in a power series by long division: 

1 + az ' + a^z' 1 + ■ - ■ 

i - ae" 1 n " 



1 — az ' 



-I 2-2 

uz — a z 

■i -i 
a z 
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or 

- r -J — ^ i +az -i + a 2 z 2 + . <1Q.5B> 

1 - ^ ' 

Tne scries expansion of eq. (10.58) converges, since | z\ > ^i| , or equi volenti y, | rr; ~ ' | < 1. 
Comparing this equation with the definition of the ^-transform in equation (10J), we see, 
by marching terms in powers nf z, that x[n\ = 0, q < 0, jfOJ = 1 ; x[ 1 1 = a; x\2\ - a 2 : 
and in general, j^il = ^wM, which is consistent with Example 10.1. 

If, instead, the ROC of X{z) is specified as \z{ < \tt\ oi; equi valently, \ctz ' j > 1. 
then the power-series expansion for 1/(1- az~ l } in eq^ (10.58} does not convene. How- 
ever, we can obtain a convergent power series by long division again: 



- a? ' + 1 



or 





- a 


' l z- 


(TV—" 


) 




i 
1 - 


a~ x z 








tf-'z 



.-I 2„3 



I -az ' 



= -«"'r-n V - .... (10.59) 



In this caii;, tten, *[*ij = 0, n ^ (h and *[- 1] = -a ', Jf[-2] =■ -a : - t that is, 

jffrt] = — a n tf[-n - I]. This is consistent with Example 10.2. 

The power-series expansion method for obtaining the inverse ^-transform is particu- 
larly useful for nonrational *~ transforms, which we illustrate with the following example: 

Example 10.14 

Consider the ^-transform 

XU) - LogU +az '), |zj > |4 (10.60) 

Withal > la], or, equivalently, \az~* \ < 1, eq. (10.60) can be expanded in a power series 
using the Taylors series expansion 

log(t - v) - \ — h |i^|<l {10.61) 



Applying this toeq. (1060) t we have 



(-l)' r4| fl"~ " 



X^.^L-LLJL^. ao.62> 



from which we can identify 



*Eh] = ( ir+l 7T' * " ] - an 63: 
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or equivakntly, 

x[n] = -^-t-uin - I]. 
n 

In Problem 10,63 we consider a related example with region of convergence \z\ < \a\. 

10.4 GEOMETRIC EVALUATION OF THE FOURIER TRANSFORM 
FROM THE POLE-ZERO PLOT 

In Section 10 1 we noted that the ^-transform reduces to the Fourier transform for |;| = 1 
(i.e., for the contour in the z-plane corresponding to the unit circle), provided that the 
ROC of the z-transform includes the unit circle, so that the Fourier transform converges 
In a similar manner, we saw in Chapter 9 that, for continuous- time signals, the Laplace 
transform reduces to the Fourier transform on the jcu-axis in the j-plane. In Section 9.4, 
we also discussed the geometric evaluation of the continuous-time Fourier transform from 
the pole-zero plot. In the discrete-time case, the Fourier transform can again be evaluated 
geometrically by considering the pole aud zero vectors in the z-plane. However, since in 
this case the rational function is to be evaluated on the contour \z\ = 1, we consider the 
vectors from the poles and zeros to the unit circle rather than to the imaginary axis. To 
illustrate the procedure, let us consider first-order and second-order systems, as discussed 
inSection6.fi. 

10.4,1 First-Order Systems 

The i mpul se response of a first-order causal discrete-time system is of the general form 

h[n] = a n u[n] t {10.64:. 

and from Example 10,1, its r-transform is 

l — &z , z~ a 

For \a\ < 1, the ROC includes the unit circle, and con&equenUy, the Fourier transform of 
h[n] converges and is equal to H{z) for 7 = e Jw . Thus, the frequency response for the 
first-order system is 

"<*"■> - r^h^ < l066) 

Figure 10.13(a) depicts the pole-zero plot for H(z) in eq. (10.65), including the 
vectors from the pole (at z = a) and zero (at z = 0) to the unit circle. With this plot, the 
geometric evaluation of H{z) can be carried out using the same procedure as described m 
Section 9.4. In particular, if we wish to evaluate the frequency response in eq. (10,65). 
we perform the evaluation for values of z of the form z = e* m . The magnitude of the 
frequency response at frequency u> is the ratio of the length of the vector V] to the length 
of the vector \ 2 shown in Figure 10. 13(a), The phase of the frequency response h the an- 
gle of V| with respect to the reaJ axis minus the angle of v 2 . Furthermore, the vector v r from 
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|H<e JU )| 



UnTt circle 



z-plane 




0) 




a =0.95 




Figure 10.13 (a) Pole and zero 
vectors for the oeorrietnc determina- 
tion of foe frequency response for a 
first-order system for a value of a be- 
tween and 1; (b) magnitude of the 
frequency response for a ^ 0.95 and 
a = 0,5; (c) phase of the frequency 
response for a = 0,95 and a *= 0.5. 

the zero at the origin to the unit circle has a constant length of unity and thus has no 
effect on the magnitude of H(e J "), The phase contributed to H{ei a ) b>> the zero is the 
angle of (he zero vector with respect to the real axis, which we see is equal to oj . For 
< n < 1, the pole vector has minimum length at*t> = and monotonically increases in 
length as tit increases from zero to tt. Thus, the magnitude of the frequency response will be 
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maximum at a? = and will decrease mcnotonically as w increases from to Tr.The angle 
of the pole vector begins at zero and increases monotonically as <o increases from zero to 
tt. The resulting magnitude and phase of H(e }1 °) aje shown in Figures J 0,1 3(b) and (c\ 
respectively, for two values of a. 

The magnitude of the parameter a in toe discrete-time first-order system pJays a 
role slmilai to that of the time constant t for the continuous-time first-order system of 
Section 9.4,1. Note first that, as iilustrated in Figure 10 t3> the magnitude of the peak 
of H{e JM ) at <o - decreases as 'a| decreases toward 0. Also, as was discussed in Sec- 
tion 6.6. 1 and illustrated in Figures 6.26 and 6.27, as \<a\ decreases, the impulse response 
decays mote sharply and the step response settles more quickly. With multiple poles, (he 
speed of response associated with each pole is related to its distance from the origin, with 
those closest to the origin contributing the most rapidly decaying terms in the impulse re- 
sponse. This is further illustrated in the case of second-order systems, which we consider 
next. 



1 0.4.2 Second-Order Systems 

Next, let us consider the class of second-order systems as discussed in Section 6.6.2, with 
impulse response and frequency response given in eqs. (6.64) and (6.60), which we re- 
spectively repeat here as 

hin] = S S -i*l±™»W (10.67) 

sin tr 

and 

where < r < 1 and ±= B ^ ir. Since //(*>") - H(z)\ z=r/ «, we can infer from 
eq. (10,68) that the system function, corresponding to the i-transform of the system 
impulse response, is 

H{ d = t~ Ff J r -i i- Ji »i - (10.69) 

The poles of H(z) are located at 

Zl = nJ», Zl = re-P, (10.70) 

and there is a double zero at z = 0. The pole-zero plot and the pole and zero vectors with 
< & < t/2 are illustrated in Figure 10. 14(a). In this case, the magnitude of the frequency 
response equals the squaare of the magnitude of v i (since there is a double zero at the on gin) 
divided by the product of the magnitudes of >2 and V3* Because the length of the vector vi 
from the zero at the origin is 1 for all values of a?, the magnitude of the frequency response 
equals the reciprocal of the product of the lengths of the two pole vectors v 2 and v 3 . Also, 
the phase of the frequency response equals twice the angle of vi with respect to the real 
axis minus the sums of the angles of y? and vj. In Figure 10.14(b) we show the magnitude 
of the frequency response for r = 0.95 andr = 0>75, while in Figure 10.14(c) we display 
the phase of fJ(e J1u ) for the same two values of r. We note in particular that, as we move 
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z-plane 
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r ^0.95 






1 1 . r = 0.75 



— TT 








Figure 10.14 (a) Pole irectorsvi, 
v 2l and v 3 used in the geometric cal- 
culation of the frequency responses for 
a second-order system; (b) magnitude 
of the frequency response correspond- 
ing to the reciprocal of the product 
of the lengths of the pole vectors for 
r =* 0.95 antf r *= 0.75; [cj phase of 
the frequency response f or r =- 0.95 
and f = 0.75 



along the unit circle from w = toward w = <n% the length of the vectoiv? fi^rt decreases 
and then increases, with a minimum length in the vicinity of the pole location, at w = 9. 
Thjs is consistent with the fact that the magnitude of the frequency response peaks for u> 
near $ when the length of the vector \? is small. Based ori the behavior of the pole vectors, 
it is also evident that as r increases toward unity, the minimum length of the pole vectors 
will decrease, causing the frequency response it> peak more sharply with increasing r. 
Also, for r near unity, the angle of the vector ^ changes sharply for (o in the vicijiity of 
Or Furthermore, from the form of the impulse response [eq, (10,67) and Figure 6,29] or the 
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step response [eq. (6.67) and Figure 6.30], we see, as we did with the first-order system. 
that as the poles move closer to the origin, corresponding to r decreasing the impulse 
response decays more rapidly and the step response settles more quickly. 



1 0,5 PROPERTIES OF THE Z-TRAN5FORM 

As with the other transforms we have developed, the ^-transform possesses a number of 
properties that make it an extremely valuable tool in the study of discrete- time signals ai>d 
systems. In this section, we summarize many of these properties. Their derivatiuns are 
analogous to the derivations of properties for the other inmsforms, and thus, many are left 
as exercises at the end of the chapter. (See Problems 10.43 and 10,51-10.54,) 

10,5.1 Linearity 

If 



arid 

then 

1 " 



Jtifrtj < — > Xxiz), with ROC = /?,, 



x 2 [n] *^-» X 2 (z) r with ROC = R 2 , 



I axi[n{ + bxi[n] «— + aX\{t) + bX^U), with ROC containing if, n R 2 . j f 1 0.7 



1) 



As indicated, the ROC of the linear combination is at least the intersection of /f| 
and £ 2 - For sequences with rational ^-transforms, if the poles of aXtfz) + bX^iz) consist 
of all of the poles of X ] (z) and X 2 {z) (i.e. T if there is no pole-zero cancellation), then the 
region of convergence will be exacdy equal to the overlap of the individual regions of 
convergence. If the linear combination is such that some zeros arc introduced that cancel 
poles, then the region of convergence may be larger. A simple example of this occurs 
when X] [n] and z 2 W are both of infinite duration, but the linear combination is of finite 
duration. In this case the region of convergence of the linear combination is the entire 
z-plane, with the possible exception of aero and/or infinity. For example, the sequences 
a n u[ri\ and a"u[n - 1J both have a region of convergence defined by [z\ > \n[, but the 
sequence corresponding to the difference (a"u[n} - t^uin - 1J) = 6[n] has a region of 
coiwergence that is the entire z-plane. 

10.5.2 Time Shifting 

if 

x[n] * — > X{z\ with ROC = R y 
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then 



x[n — h ] 



-"0 



X(zX with ROC = R, except for 
the possible addition or dele- 
tion of the origin or infinity. 



(10.72) 



Because of the multiplication by z~*\ for no > poles will be introduced at z — 0, 
which may cancel corresponding zeros of X(z) at z = 0. Consequently, z = may be a 
pole of z~"* } X{z) while it may not be a pole of X(z\ In this case the ROC for z ' ^Xiz) equals 
the ROC of X(s) but with the origin deleted. Similarly, if no < 0, zeros will be introduced 
at z = 0, which may cancel corresponding poles of X{z) at z ~ 0, Consequently, z = 
may be a zero of ?~" a X(z) while it may not be a pole of X(z). In this case z = « is a pole 
of z~ tUi X{z) r and thus the ROC for z **X{z) equals the ROC of X{z) but with the z = * 
deleted 

10.53 Scaling in the z-Domain 

If 



*[*] « — > X{zX with ROC - R> 



then 




(10,73) 



where \zq\R is the scaled version of J?. That is, if z is a point in the ROC of X(z)* then the 
point |zq|z is in the ROC of X{z/za). Also, ifX(t) has a pole (or zero) at z = a, tben X(z/za) 
has a pole (or zero) at z = zo a 

An important special case of eq. (10,73) is when zo = e ft *°. In this case, \zfy\R = R 
and 



J**n» 



x[n] 



^X(£ 



■/**> 



z). 



(10.74) 



The left-hand side of eq. ( LO,74) corresponds to multiplication by a complex exponential 
sequence. The right-hand side can be interpreted as a rotation in the ;-plane; that is, all 
pole-zero locations rotate in the £-plane by an angle oia> i}y as illustrated in Figure 10.15. 
This can be seen by noting that if X{z) has a factor of die form. 1 — a£~ l , thenX , (£~ J ™ l °z) 
will have a factor 1 - ae Jtao z~ ' , and thus T a pole or zero at z ™ a in X (z) will become a pole 
or zero at z = ae* m in X(e"^z) The tehavior of the ^-transform on the unit circle will 
then also shift by an angle of tu^. This is consistent with the frequency -shifting property 
set forth in Section 5,3.3, where multiplication with a complex exponential in the time 
domain was shown to correspond to a shift in frequency of the Fourier transform. Also, 
in che more general case when t^ = r^e*^ in eq. (10/73), the pole and zero locations are 
rotated by wo and staled in magnitude by a factor of r& 
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7*9 



Unit circle 




dm 



z-olane Unit circle 

\ 



Figure 1 0.15 Effect on the pale-zero plot of lime-domain multiplica- 
tion by a complex exponential sequence e^ B : (a) pole-zerc pattern for the 
z-transform for a signal x[n}] (b) pole-zero pattern for the z-transform of 



10.5.4 Time Reversal 

if 

then 



x[n] « — p X(zl with ROC = R. 



x[-n] < — *X(i), with ROC = ^ 



z- plane 




(10.75) 



That is, if ,co is in the ROC for Jc[n], then \tz$ is in the ROC for -*[-«]. 

10.5,5 Time Expansion 

As we discussed in Section 5.3.7, the continuous-time concept of time scaling does not 
directly extend to discrete time, since the discrete-time index is defined only for integer 
values. However, the discrete-time concept of time expansion — i,e M of inserting a number 
of zeros between successive values of a d iscrete-time sequence x [ n] — can be defined and 
does play an important role in discrete-time signal and system analysis. Specifically, the 
sequence £(tf[n], introduced in Section 53 .7 and defined as 



*<t>[n] = 



x[nfk\ if m is a multiple of k 
0. if n is not a multiple of k 



(10.76) 



has k — 1 zeros inserted between successive values of the original signal. In this case> if 



x[n] « — > X(z\ with ROC = R, 
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then 



JtjtjlK] «— ► X(fi, with ROC = R"\ 



00,77) 



That if;, if ; t&intheROCofX(z), th&n the point ^ is in the ROC of XU fe ). Also, if X(z) 
has a pole (or zero) ax z = a* then X(,z k ) has a pole (or zero) at z = a ]if[ . 

'Hie interpretation of this result follows from the power-series form of the z- 
transform, from which we see that the coefficient o( the term z rt equals the value or 
the signal at time n That is, with 

*(*) = ]T Alrtlz - ' 1 , 

rr= -* 

it Follows that 



4* 



X( Z k ) * ^ *[«!<£*>"" = S ^"^ *"■ 



(10.781 



Examining the right-hand s ide o f eq . [ 1 . 7 8 ) T we see tfi at the only rcrms that appear are of 
the form ; *", In other words, the coefficient of the term z "'" in this power series equals 
if m is not a multiple of £ and equals x\mfk\ if m is a multiple of L Thus, the inverse 
transform of eq, (10.78) i$ jr^jln], 

TO- 5,6 Conjugation 

If 



*[«] 



X(*) d with ROC = /? T 



then 



J*En3 



JT(A with ROC ^ rt. 



(10.79) 



(10,80) 



Consequently, if v[n] is real, we can conclude from eq. (10. SO) that 

X(i) = x 4 u*y 

Thus, if X(z) has a pole (or zero! at z = 3> T it must also have a pole (or zero) at the com- 
plex conjugate point ; = jj. For example, the transform X(z) for che real signal x[n] in 
Rxample 10.4 has poles at z = (1/3 V jW4 . 

10.5.7 The Convolution Property 

If 



xi[n] ^^Xiizl with ROC = R u 
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and 

x 2 [n] J^ Xi(z)> with ROC = R 2 , 



then 



z 
*i [n] * jr 3 [#t] * — * Xi(z)X2(z), with ROC containing /?, n R 2 . 



(10.31) 



Just as with the convolution property for the Laplace transform, the ROC of 
X\(z)X2(z) includes the intersection of if | and R2 and may be larger if pole-zero can- 
cellation occurs in the product. The convolution property for the ^-transform can be 
derived in a variety of different ways. A formal derivation is developed in Problem 10,56, 
A derivation can also be carried out analogous to that used for the convolution property for 
the continuous-time Fourier transform in Section 4,4, which relied on the interpretation 
of the Fourier transform as the change in amplitude of a complex exponential through an 
LTI system. 

For the ^-transform, there is another often useful interpretation of the convolution 
property. From the definition in eq. (10.3), we recognize the ^-transform as a series in 
z * where the coefficient of z* 1 is the sequence value x[ri\. In essence, the convolution 
property equation (10.S1) states that when two polynomials or power series Xi(z) and 
X2U) are multiplied, the coefficients in the pclynomial representing the product are the 
convolution of the coefficients in the polynomials X\ (z) and X;(z), (See Problem 1 0.57). 

Example 1 0. 1 5 

Consider an LTI system for which 

y[n) - h[n]*x[n], (10.82) 

where 

h[n] = &[n] -fl[n- 1J. 
Note that 

6[nl - 8[n - IJ <-U i - z ~\ (1CJ.S3) 

with ROC equal to the entire z-plaoe except the origin. Also, the ^-transform in 
eq. (10.83) has a zero stz = 1. Fromeq. (10,81), we see thai if 

x[n] ~^> X(z). with ROC = R, 
then 

y[n] «-^-> fl - z~ v )X(& (10.&4J 

with ROC equal to R, with the possible deletion of z = and/or addition ftf z = 1 . 
Note that for this system 

y[n\ = [B[n] - S[ n - l}} * *[ n ] - x[n\ - x[n - Ij. 
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That is, y[n] is the first difference of the sequence x[n]. Since the first-difference opera- 
tion is commonly thought of as a discrete-time counterpart to differentiation, eq. (10. S3) 
can be thought of as the £ -transform counterpart of the Laplace transform differentiation 
property presented in Section 9.5, "^ 

Example TO. 7 6 

Suppose we now consider the inverse of first differencing, namely, accumulation or sum- 
mation. Specifically, let w[n] be the running sum of x[n]: 

iv[«] - ^ x[k] = <n]*jt[ n J. 00,85) 

Then, using eq. (10.81) together with the ^-transform of the unit siep in Example 10.1 , 
we see that 

ft z \ 

6i[n] = V jcfjt] * — > _ ; -\ Xi& (10.S6> 

with ROC including at least the intersection of R withal > I. Eq r ( 10. 86) is the discrete 
time ^-transform counterpart of the integration property in Section 9.5.9. 

T 0.5.8 Differentiation fn the x-D&main 
if 

x[n] ^ x{z\ with ROC = if, 
then 

f 10.87) 




This property follows in a straightforward manner by differentiating both sides of the 
expression for the z- transform given ineq. (10.3). As an example of the use of this property, 
let us apply it (o determining the inverse z-traiisfcmi considered in Example 10. 14. 

Example 10. T 7 

if 

X{z) = log(1 + a:" 1 ) |c| > H, U0.-S8) 

then 

dz \ + az _l 

By differentiating, we have converted the ^-transform to a rational expression. The 
inverse z-transform of the right hand sid& of eq. 00.89) can be obtained by using Exam- 
ple 10.1 together with the time-shifting property, eq. (10.72), set forth in Section 10,5.2. 
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Specifically, from Ei&mple 1 0. 1 and the linearity property. 

1 ■+■ az l 
Combining this with the time-shifting property yields 

flC-ff)"" 1 "^ " 1] « — * j " __ ? ■ zl > 1*1 
Consequently. 

*[„,.. ZiZ^^-i]. (10.91) 

Example 10.18 

As another example of the use of the differentiation property, consider determining the 
inverse ^-transform for 

( 1 - tf£ 1 )2 



From Example 10. J. 



and hence, 



fl-K^j ^ !_ | £ | > |4 (10.93) 

I - qz 



na "u[n\ « -^(—J---^ a£ j z |>| fl j. (10W) 

10.5.9 The Jnitiaf-Value Theorem 

If *[«] - 0,n<0, then 

*[0] = hmXCzX (10 95) 

This property follows by considering the limit of each term individually in the ex- 
pression for the z- transform, with xl n\ zero for n < 0. With this constraint, 

rt=0 

A* 2 -* «, z - " -> Ofor rt > 0, whereas for rt = h s~ n = 1. Thus, eq. (10.95) follows. 

An cue consequence of the initial- value theorem, for a causal sequence, if jt[01 is 
finite, then lim^_ K X(z) is finite. Consequently, with X(z) expressed as a ratio of polyno- 
mials in i t the order of the numerator polynomial cannot be greater than the order of the 
denominator polynomial; or, equivalently, the number of finite zeros of X(z) cannot be 
greater than the number of finite poles. 
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Example 10.19 

The. imi hal^v alue theorem can ato; be useful in checking the "oiTecrness; of the z- 
trattsfonrmakulaticinfor a signal Fwexampte.tonftider the signal x\n] in Example 103, 
Frumeq. (10.12), we see that x{0] = L Also, from eq. ( 10.14), 

1 - *- ! 
Mm X(z) - lim r ■ - 2 - -r— - - 1, 

=— (1- \z-^a -i;- 3 ) 

which is consistent with the initial-value theorem. 

10.5.10 Summary of Properties 

in Table 10,1, we summarize the properties of the ^-transform. 

10.6 SOME COMMON z TRANSFORM PAIRS 

As with the inverse Laplace transform, the inverse ^-transform can often be easily evalu- 
ated by expressing X{z) as & linear combination of simpler terms, the inverse transforms of 
which are recognizable. InT&bLe 10.2, we have listed a number uf useful --transform pairs. 
Each of these can be developed from previous examples in combination with the proper- 
ties of the ^-transform listed in Table 10J . For example, transform pairs 2 and 5 follow 
directly from Example 10. 1 T and transform pair 7 is developed in Example 10, IS, These, 
together with the time-reversal and time-shifting properties set forth in Sections 10,54 
and 10.5.2, respectively, then lead to transform pairs 3, 6, and 8. Transform pair;, 9 and 10 
can be developed using transform pair 2 together with the linearity and scaling properties 
developed in Sections 10,5.1 and 10.5.3, respectively. 

10.7 ANALYSIS AND CHARACTERIZATION OF LT1 SYSTEMS 
USING z-TRAMSFORMS 

The ^-transform plays a particularly important role in the analysis and representation of 
discrete-time LTT systems. From the convolution property presented in Section 10.5.7, 

Y[z) - H{z)X{zl 1 10.96) 

where X(z), Y{z) f and H{t) are the z transforms of the system input, output, and impulse 
response, respectively. H{z) is referred to as the system function or transfer junction of the 
system. For^ evaluated on the unit circle (Le., for:; = e jv> ), H(z) reduces to the frequency 
response of the system, provided that the unit circle is in the ROC for H(z). Also, from 
our discussion in Section 3,2 b we know that if the input to an LTI system is the compJe* 
exponential signal x]n] = z", then the output will be H{i)z*. That is, z" is an eigenf unction 
of the system, with eigenvalue given by H{z), the ^-transform of the impulse response. 

Many properties of a system can be tied direcdy to characteristics of the poles, ?eros. 
and region of conveigence of th& system function, and in this section we illustrate some 
of these relationships by examining several important system properties and an important 
class of systems. 
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TABLE 1 02 SOME COMMON /-TRANSFORM PAIRS 



SLgul 


transform 


ROC 


1. 9[n\ 


1 


A1U 


2. u[n\ 


l 




1 z ' 




3 u\- P 11 


J 
l-r 1 


ki< i 


4. £[fl - ffij 


z' m 


Alt ; h cxcep-1 

U (if m > 0) or 
"» (if >n < 0) 


5, ff"u(lJ 


\ 


|z| > la | 


1 ■ flt ' 


6. - a"ji[-fl - IJ 


1 




1 - ai ' 




7. rtQr"«[flJ 


as ' 




CI - a? ') : 




8. - fl«"w[-^ - IJ 


«;"' 


i i - 


CI -«r') 2 




9. [CO: , j£t> t ,JiJij[i>-i] 




l;l ■> I 


10, [SlHtt>riflJ«In] 


r»maid! ' 




I — [2ctfia»u]i ' + J : 




J 1. [r" cas.tL»ijfiJ«ff:] 


I - [rcosttfo];-' 


. , ^ 


t - f2i-cut.si)(il^ ' -+- r-; J 




12. [V 1 iinttiijiilHrtJ 


fj-siEi^dj; ' 




1 — [2r ctih tufi J i ' ■+- r : I 2 





10. 7. T Causality 

A causal LT1 system has an impulse response ft[«] thai is zero for « < 0, and therefore b 
right-sided. From Property 4 irt Section 10.2 we then know that the ROC of H(z) is the 
exterior ofa circle in the z-plane. For some systems, e.g., if h[ri\ = 5[n],sothatf/(z> = 1 
the ROC can extend all the way in to and possibly include the origin. Also, in general, for 
a right-sided impulse response, the ROC may or may not include infinity. For example, 
if h[n] - S[n + I J, then//(z) = z, which has a pole at infinity. However, as we saw in 
Property S in Section 10.2 + for a causal system the power series 

H{z) = X *I«k" rt 

U-C* 

does not include any positive powers of z. Consequently, the ROC includes infinity. Sum- 
marizing, we have the follow principle: 



A discrete-time LTI system is causal if and only if the ROC of its system function is 
the exterior of a circle, including infinity. 
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If //it) is rational, then, from Property 8 in Section 10.2 T for the system to be causal, 
the ROC must be outside the outermost pole and infinity must be in the ROC. Equivalently, 
the limit of H{z) as z — * m must be finite. As we discussed in Section 10.5.9, this is 
equivalent to the numerator of H(z) having degree no larger than the denominator when 
both are expressed as polynomials in z* That is 



A discrete-time LTI system with rational system function H{z) is causal if and only if: 
(a) the ROC is the exterior of a circle outside tht outermost pole; and (b) with H(z) 
expressed as a rati" of polynomials in z, the order of the numerator cannot be greater 
than the order of the denominator. 



Example 10.20 

Consider a system with system function whose algebraic expression i 4 . 



H(z) - 



-2z 2 + z 



z 2 + *-z+ l - 

4 4 ^ y 



Without even knowing (he ROC for this system, we can conclude that the system is not 
causal, because the numerator of H{z) is uf higher order than the denominator 

Example 10,21 

Consider a system with system [unction 

* f *) = , J , t + i_!,-m W > 2 d n .97) 

Since the ROC for this system Functicn is the exterior of a circle outside the outermost 
pole, we know that the impulse response is right-sided. To determine if the system is 
causal, we then need only check the other condition required for causality, namely thai 
//(;), when expressed as a ratio of polynomials in z, has numerator degree no larger than 
the denominator. For this example. 



2-lz" 1 2^-3 



ffiz) f L ^ Ll = * ■ H0,98) 

(1- U~ )(l-2z- 1 ) &-\z-\ 



2 <, ;\*. *~L, f <. 2 - 



so thai the numerator and denominator of Hiz} are both of degree two, and consequently 
we c*n conclude that the system is causal. This can also be verified by calculating the 
inverse transform nfff(z}. in particular, using transform pair 5 in Table 10.2, we find 
that the impulse response of this system is 




u\n\. (10.99) 

Since h\n] = foi n < 0, we can confirm lliat the system is causal 

10.7.2 Stability 

As we discussed in Section 2,3,7, the stability of a discrete-time LTI system is equivalent to 
its impulse response being absolutely surnmable. In this case the Fourier transform of h\n\ 
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converges, and consequently, the ROC of H{z) must include the unit circle. Summarizing, 
we obtain the following result 



An LTJ system is stable if and only if the ROC of its system function H(z) includes 
the unit circle, \z\ = I. 



Example TO, 22 

Consider again the system function in eq, (10.97). Since the associated ROC is. th* region 
\z\ > 2, which does not include the unit circle, the system is not stable. This can also be 
seen by noting that the impulse response in eq, (.10.99) is net absolutely summame. If, 
however, we consider a system whose system function haa the same algebraic expression 
as in eq. (10.97) but whose ROC is the region M2 < \z < 2, Uteri the ROC does contain 
the unit circle 1 so that the corresponding system is ncncausal but stable, in thjs case, 
Uiing transform pairs 5 and 6 from Table 10.2, we find that the corresponding impulse 
response is 

h[n] = f^j u[^J-2 fl M[-ri- H (10.100) 

which is absolutely summable. 

Also, for the third possible choice of ROC associated with the algebraic expression 
for Hiz) m &\- i\0-91), namely, \zl < 1/2 T the corresponding system is neither causal 
(since ihe ROC is not outside the outermost pole) nor stable (since the ROC does not 
include the unit circle) This can also be seen from the impulse response, which (using 
transform pair 6 in Table L0.2) is 



h[n] - - 



i) +2"U-n- 1]- 



S 



As Example 10.22 illustrates, it is perfectly possible for a system to be stable but 
not causal. However, if we focus on causal systems, stability can easily be checked by 
examining the looattons of the poles. Specifically, for a causal system with rational system 
function, the ROC is outside the outermost pole. For this ROC to include the unit circle, 
[^| = 1, all of the poles of the system must be inside the unit circle. That is: 



A causal LTC system with rational system function H{z) is stable if and only if all of 
the poles of H(z) lie inside the unit circle — i.e^they must all ha>e magnitude smaller 
than 1. 



Example 10.23 

Consider a causal system with system function 

1 — at ' 

which has a pole at z = a. For this j-ystem to be stable, its pole must be imide the unit 
circle, i.e., we mu&£ have |o| < 1. This is consistent with the condition far the absolute 
summability of the corresponding impulse response h[n) = a n u\n\. 
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Example 10.24 

The system function for a second-order system with complex poles was given in 
eq. (10,69). Kpecihcally, 



*i{z) = 



1 



1 -{2rco*$)z- { 4- r'i 



-1- 



00101) 



with poles located at z\ = re }U and z-< = re~ }i> Assuming causalit) T we see that the 
ROC is outside the outermost pole (i.e., |;| > \r\). The pole-zero plot dud ROC fox this 
system are shown in Figure JG.t6 for r < I and r > 1- Fur r < I, the poles are inside 
the unit circle, the ROC includes the unit circle, and therefore, the system is stahle. For 
r > 1, the pole& are outside the unit circle, the ROC doe*> nut include the unit circle, and 
the system is unstable. 
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Figure 1 0. T6 Pole-zero plot for a second-order system Kith complex poles 



1 0.7. 3 iTI Systems Characterized by Linear tonstant-Coefficfent 
Difference Equations 

For systems characterized by linear constant-coefficient difference equations, the proper- 
ties of the ^-transform provide a particularly convenient procedure for obtaining the system 
function, frequency response, or time-domain response of the system. Let us illustrate this 
with an example. 

Example 10.25 

Consider an LTI system for vhich (he input x[n] and output v\n] satisfy the linear 
con stan t-coefficient difference equation 



>'[«] - 2-vl" - H = Mn]+ ^x[n 1J, 



(10.102) 
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Applying Ehe ^-transform u> both side&of cq. (10. 102), and using the linearity property 
set forth in Section 10.5-1 and the time- shifting property presented in Section 10 .5. 2, we 
obtain 



or 



ru) = XiQ 



i „ 1 



iiii 



(1D.103J 



From eq. (10%). then. 



a(;) I - \z ' 

This provides the algebraic expression for /f Ux but not the region of convergence. 
Tn fact, there are two distinct impulse responses that are consistent with the difference 
equation (10.102J, one right sided and the other left sided. Correspondingly, there arc 
two different choices for the ROC associated with the algebraic eapre^siun (1(1.104), 
One h \z[ > 1^2 T is associated with the assumption that h[n\ is right sided T and the other, 
\z\ < l/2 h is associated with the assumption that h[n] is Left sided. 

Consider first the choice of ROC equal to \i\ > 1 r Writing 



H{z) - L + -z 



1 i\ 1 



_ i - i ' 

2* 



we can use transform pair 5 in Table 10. 2 h together with the linearity and time- shifting 
properties, to find the corresponding impulse response 

h\n] = (IJaH+I/IJ «l*-U 

For the other choice of ROC* namely, \z\ <■ 1, we can use transform pair 6 in 
Table 10.2 and the linearity and time shifting properties, yielding 

In this case, the system is anticau&al [h[n] = for n > 0) and unstable. 

For the more general case of an ^/th-order difference equation, we proceed in a man- 
ner similar to that in Example 10.25 t applying the s transform to both sides of the equation 
and using the linearity and time-shifting properties. In particular, consider an LT1 system 
for which the input and output satisfy a linear constant -coefficient difference equation of 
the form 

^a k y[n-k\ = ^b k x[n - k]. (10 105) 
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Then taking z-transforms of both sides of eq, (10.105) and using the linearity and time- 
shifting properties, we obtain 

& M 



or 






so that 



M 



no 



X»* k 



We note ,n particular that the system function for a system satisfying a linear constant- 
coefficient difference equation is always rational. Consistent with our previous example 
and with Che related discussion for the Laplace transform, the difference equation by itself 
does not provide information about which ROC to associate with the algebraic expression 
Hiz). An additional constraint, such as the causality or stability of the system, however, 
serves to specify the region of convergence. For example, if we know in addition that the 
system is causal, the ROC will be outside the outermost pole. If the system is stable, the 
ROC must include the unit circle. 

1 0.7.4 Examples Relating System Behavior to the System Function 

As the previous subsections illustrate, many properties of discrete-time LTI systems can 
be directly related to the system function and its characteristics. In this section, Mve give 
several additional examples to show how ^-transform properties can be used in analyzing 
systems. 

Example 10.26 

Suppose that we are given the following information about an LTI system: 
1. Tf the input to the system is X|[h] = (1/6)" u[n\. then the output is 



V]Li] = 



»'!Mi 



«[«! 



where a is a real number. 

2. lfK 2 [n] = <-l) n , then the output is y 2 \it] = ]{-l)\ Ah we now show, from 
these two pieces of information, we can determine the system function H{-_} for thii 
system, incjudiiig the value of the number a, and can aho immediately deduce a number 
of other properties of the system. 

The ^-transforms sf the •itgna.h specified frj the first piece of information are 
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XiW - - — ^— > W > i- (10.107} 



Y\U) = 



a 10 



1 - ^-< 1- jz- J 



(10.108) 



> - L 



From eq, (10.^6), it follows that the algebraic expression for the system function is 

Xt(z) (I - |^-')(] - ^ ') 

Furthermore, we know that thejre^MBse to x 2 [n] = (- Yf must &qual (-1)" multiplied 
by the system function H{z) evaluated at z = — L Thus from the second piece of infor- 
mation, given, we see that 

7 „ , [{a+ 10) + 5+ |l[jj] 

Solving eq. (10,110), we And thai a = -9, so that 

(l-2r')(l - h ') 

#<z) = - / ■ -* , -, (10.111) 

(\-{z ] Kl-\z l ) 



or 



or, finally. 



J - 13,-1 + 1,-1 



-a _ |3, _|_ i 

mi) = ^ 1— -f. (10.H3) 



[£ 



6 



Also, from the convolution property, ve know that the ROC of Y\{z) must include 
at least the intersections of the ROCs of Xi[z) ami H(z)* Examining the three possible 
ROCs for H(z) (namely, \z\ < 1/3, 1/3 < \ z \ < l/2 L and \z\ > 1/2), we find that the only 
choice that is consistent with the ROCs of X , {z) and l p ,U)is|si> 1/2. 

Since the ROC for the system includes the unit circle, we know that the system 
is stable. Furthermore. fnj m gq (10.113) with/f(z) viewed as a. ratio of polynomials in 
z, the order of the numerator does not exceed that of the denominator, and thus we can 
conclude that the LTI system is causal. Also, using eqs. (tOJ 12} and {10. 106), we can 
write die difference equation that, together with the condition of initial rest, characterizes 
the system: 

v[«] - ^y\n -l]+ ly[n - 2] = jt[n] - ^ x[n - 1] + ^x[n - 2]. 

Example 10.27 

Consider a stable md causal system with impulse response h\ti\ and rational system 
function H(z). Suppose it is known that H[z) contains a pole at e = 1/2 and a zero 
somewhere on the unit circle. The precise number and locations of all of the other poles 
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and zeros arc unknown. For each of the following statements let un determine whether 
we can definitely say that it is true, whether we can definitely say that it Is false, cr 
whether there is insufficient information given to detemune if it is true or not; 

(a> ff((l/2)"Mn]} converges. 

(b) Hie 1 ") = for some w. 

<c> h[n] has finite duration. 

(d j h[tt] is real. 

fe) g[n\ = ntft[n] * Mill is the impulse response of a stable system. 

Statement (a) is true. !7{{l/2) n /n>l} corresponds to the value of the ^-transform of 
fi\n] at z - 1. Thus, its convergence is equivalent to the point z - 2 being in the ROC. 
Since the system is stable and causa]* ah of the poles of H{z) are inside the unit circle, 
and the ROC includes ah die points outside the unit circle* including z — 2, 

Statement (b) is true because there ls a zero on the unit circle. 

Statement (c) is false because a finite-duration sequence must have an ROC that 
includes the entire £-plane T except possibly z =■ and/or z - ». This is not consistent 
with having a pole at z = \f2. 

Statement (d) requires that HU) = H'iz*). This in turn implies that if there ti 
a pole (zero) at a nonreal location z — So, there must also be a pole (zero) at ; = ^ r 
Insufficient information is given To validate such a conclusion. 

Statement (e> is true. Since the system ia causal, h[rv\ = C for n < 0. Conse- 
quently, h[n\ * h[n] — for n < 0; i.e., the system with h[n\ * h[r>] as its impulse re- 
sponse is causal. The same is then true for g[n] = i[A[n] * h[n]]. Furthermore* by the 
convolution property set forth in Section 10,5.7, the system function corresponding to 
the impulse response h[ti\ * h[n] is H 2 {£), and by the differentiation property presented 
in Section 10.5,8 h the system function corresponding to g[n\ is 



G{& = -z-r-tfti) = -2zH{z} l - r Htz) 

di [dz 



(10 U4) 



From eq. (10.114), we can conclude that the poles of G{?) are at the same k^cutions at. 
those of H{z), with the possible exception of the origin. Therefore, since H(z\ has all its 
poles inside the unit circle* so must G{z). It follows that g[ri) is the impulse response of 
a causal and stable system. 



T 0.8 SYSTEM FUNCTION ALGEBRA AND BLOCK DIAGRAM 
REPRESENTATIONS 

Just as with the Laplace transform in, continuous time, the ^-transform in discrete time 
allows us to replace time-domain operations such as convolution and time shifting with 
algebraic operations. This was exploited in Section 10.73, where we were able to replace 
the difference-equation description of an LT1 system with an algebraic description. The 
use of the ^-transform to convert system descriptions to algebraic equations is also helpful 
in analyzing interconnections ofLTl systems and in representing and synthesizing systems 
as interconnections of basic system building blocks. 
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1 0.S. 1 System Functions for Interconnections of LIT Systems 

The system function algebra for analyzing discrete-time block diagrams such as series, 
parallel* and feedback interconnections is exactly the same as that For the corresponding 
continuous-time systems in Section 9.8. 1 . For example, the system function for the cascade 
of two discrete-time LTI systems is the product of the s>stem functions for the individual 
systems in the cascade. Also, consider the feedback interconnection of two systems, as 
shown in Figure 10. 17. It is relatively involved to determine the difference equation or im- 
pulse response for the overall system working directly in the time domain However, with 
the systems and sequences expressed in terms of their ^-transforms, the analysis involves 
only algebraic equations. The specific equations for the interconnection «f Figure 10. 17 
exactly parallel eqs. (9 A 59H9-163), with the final result that the overall system function 
for the feedback system of Figure 1 0. 1 7 is 






- fffc) - 



ffite) 



l +Ht(z)H 2 (zy 



(10.115) 




*- yl^l 



Figure 10.17 Feedback intercon- 
nection of two systems. 



1 0.8.2 Block Diagram Representations for Causa/ LTI Systems 
Described by Difference Equations and Rational 
System Functions' 

As in Section 9.8,2, we can represent causal LTI systems described by difference equations 
using block diagrams involving three basic operations — in this case, addition, multiplica- 
tion by a coefficient, and a unit delay. In Section 2.4.3, we described such a block diagram 
for a first-order difference equation. We first revisit thai example, this time using system 
function algebra, and dien consider several slightly more complex examples to illustrate 
the basic ideas in constructing block diagram representations . 

Example 10.28 

Consider the causal LTI system wilh system function 



fffc) - 



i __i ■ 



I-**"' 



(10.116) 



Using the results in Section 10,7,3, we find that this system can also be described by the 
difference elation 



>'[nl- £>'[*- 1] - JtL«L 
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together with the condition of initial rest. In Section 2.4.3 we constructed a block diagram 
representation foi a first-order system of this form, and an equivalent block diagram 
(corresponding to Figure 2.28 with a = - ] At and b = 1) is shown in Figure 10.18(a). 
Here, * _1 is the system function of a unil delay. That is, from the time- shifting property, 
the input and output of this system, ate related by 

w\n] = y[n - I]. 

The block diagram in Figure 10.18(a) contains a feedback loop much as for the sys- 
tem considered in the previous subsection and pictured in Figure 10.17 In fact, with 
some minor modifications, we can obtain the equivalent block diagram shown in Fig- 
ure 10. 18(b), which is exactly in the form shown in Figure 10.17, u^ith H\{z) - 1 and 
Hiiz) = -1/4? -1 - Then, applying eq. < 10. 1 1 5!) N we can verify that the system function 
of the system in Figure ] 0, 1 8 is given by eq . ( 1 0. 1 1 6). 



*[n] 









1 






z" 1 
















1 

4 


w[nj 









*- y[n] 



(a) 



*[n] 



-G> 



4*- 1 



rfn) 



<b) 

Figure 10.18 (a) Block diagram representations of the causal LTI system 
in Example 10.25: (t>) equivalent block diagram representation. 

Example 10.29 

Suppose we now consider the causal LTI system with system function 



Hti) - 






1 - k"' 



;i-2r')- 



(10.117) 



As eq. (10.117) suggest*. we can think of this system a* the cascade of a system with 
system function )/[l - (l/4)z -1 ] and one with system function 1 - 2 Z ' Wc have iJ- 
lu strafed the cascade in Figure 10.19(a), in which we have used the block diagrEim in 
Figure 10. 18(a) to represent 1/fi -(1/4)^ _1 J. We have also represented I - 2s" 1 using 
a unit delay, an adder, and a coefficient multiplier. Using the time-shifting property, we 
then see that the input v[n] and output y[n) of the system with system function 1 - 2z " ' 
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are related by 



y[n] " v[n] — 2v[n — 1], 



While the block diagram in Figure 10.19(a) is certainly a valid representation of 
the system iaeq L (10.117), it has an inefficiency whose eQmioaticm Leads to an alternative 
block-diagram representation. To see this, note that the input to both unit delay elements 
in Figure 10.19(a) is v[n] t so that the outputs of these dements are identical; i.e, h 

w\n] =^ j|>] = v[n - 1]> 

Consequently, we need tiot keep both of these delay elements, and we cam simply use 
the output of one flf them as the signal to be fed to both coefficient multipliers. The result 
is the block diagram representation in Figure I0<19(b), Since each unit delay element 
requires a memory register to store the preceding value of its input, the representation in 
Figure 10,19(h) requires less memory than that in Figure J0.19(a>. 




*- yM 



x[nj 



<i> 



i*-* 






■+-y[n] 



-2 



Figure 1 0.T9 (a| Block-diagram representations tor the system in Exam- 
pie 10.29; fb) equivalent block-diagram representation u&ing only one unit de- 
lay element. 

Example 10.30 

Next, consider the second-order system function 

1 I 



Mz) = 



which is also described by the difference equation 



(10.118) 



A*1 + { yl« - i] -\y\«- 21 = *fnJ. 



(10.119) 
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Using the same ideas as in Example 10.2&, we obtain the block-diagram representation 
for this system shown in Figure 10.20(a). Specifically, since the two system function 
blocks in this figure with system function z~ ' are unit delays, we have 

/iu] = M«-H 

so that eq. (10.119) can be rewritten as 

y[n] = ~^y[n - 1] + ^y[n - 2] + x[n]. 



m 



it{nj— *- 



<♦> 



& 



-p-vM 



— i 



m 



e[n] 



<a> 



G> 



■+-y[n] 



uJ 



(b) 



x nj 



l 


7" 1 


' — -i- 





a-KD 



T 



_J 



Q 



y[n] 



Figure 1 0.20 Block-diagram representations for the system in Exam- 
ple 1030: (a) direct form; {b) cascade lorm; (s) parallel form. 
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or 

y[n] = -\f\n\ + |c[rt] + 4n], 

which is exactly what the figure represents. 

The block diagram in Figure 10.20(a) is commonly referred to as a direct-form 
representation, since the coeflficjenu appearing in the diagram can be determined by 
inspection from the coefficients appearing in the difference equation or, equivalently, 
the system function- Alternatively, as in continuous time, we can obtain both cascade- 
form and parallel-form block diagrams with the aid of a bit of system function algebra. 
Specifically we can rewrite eq. ( 10. 1 1 8) as 

which suggests the cascade-form representation depicted in Figure 10.20(b) in which 
the system is represented as the cascade of two systems corresponding to the two factors 
in eq r ( 10.120). 

Also, by performing a partial-fraction expansion, we obtain 



Hiz) = 



i 1 

1 j_ 3 



14-13-' 1 _ l e -.' 



which leads to the pai^lel-fonnFepreseritadan depicted in Figure 10.20(c), 

Example 10.31 

Finally, consider the- system function 

fl « - iriS^S- uai21) 

Writing 

**lz> = (^-nr-^— t^ HI " t*~' " *t" 2 \ (10122) 




suggests representing the system as the cascade of the system in Figure 10.20(a) and (he 
system with system function I - \z l — \z~ 2 > However* as in Example 10,29. the unit 
delay elements needed to implement the first term in eq> (10.122) also produce the de- 
layed signals needed in computing the output of the second system. The result is the 
direct-form block diagram shown in Figure 1 0.2 1 , the details of the construction of which 
ire examined in Problem 10,38. The coefficients in the direct-form representation can 
be determined by inspection from the coefficients in the system function oteq. (10. 121). 
We caa also write H{z) in the forms 



*M-£HMf^ 
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*M — *-© 



■*-(+) ^y[n} 



0-zi 



EH— © 





* 


1 







Figure 10.21 Direct-form representation lor the system in Example 10.31 . 



and 



H(Z) = 4 



5/3 



14V3 



l+^" ] l-±z 



(I0.124| 



Bq. M 0.12^) suggests a cascade-form representation, while eq. ('0.124J leads ro a 
parallel -form block diagram. Thew: ixe also considered in Problem 10 3 ft. 

The concepts used in constructing block-diagram representations in the preceding 
examples can be applied directly to higher order systems, and several examples are con- 
sidered in Problem 10.39. As in continuous time* there is typically considerable flexibility 
in doing thin — e.g., in how numerator and denominator factors are paired in a product rep- 
resentation as m eq. (10J23), in the way in which, each factor is implemented, and in the 
order in which the factors are cascaded. While ail of these variations lead to representa- 
tions of the same system, in practice there are differences in the behavicr of the different 
block diagrams. Specifically, each block-diagram representation of a system can be trans- 
lated directly into a computer algorithm for the implementation of the system. However, 
because the finite word length of a computer necessitates quantizing the coefficients in the 
block diagram and because there is numerical roundoff as the algorithm operates* each of 
these representations will lead to an algorithm that only appruxi mates the behavior of the 
original system. Moreover, the errors in each of these approximations will be somewhat 
different. Because of these differences, considerable effort has been put into examining 
the relative merits of the various block-diagram representations in lerms of their accuracy 
and sensitivity to quantization effects. For discussions of this subject, the reader may turn 
to the references on digital signal processing in the bibliography at the end of the book. 



10.9 THE UNILATERAL z-TRANSFORM 



The form of the z-transfurm considered Ihus far in this chapter is often referred to as the 
bilateral z-transfarm. As wai the case with the Laplace transform, there is an alterna- 
tive form, referred to as the unilateral z-transform, that is particularly useful in analyzing 
causal systems specified by linear constant-coefficient difference equations with nonzero 
initial conditions (i.e., systems that are not initially at rest). In this section, we introduce 
the unilateral r-transform and illustrate some of its properties and uses, paralleling our 
discussion of the unilateral Laplace transform in. Section 9.9. 
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The unilateral ^-transform of a sequence x[n] is defined as 

3C(;) = JTx[n]z'\ (10.125) 

As in previous chapters, we adopt a convenient shorthand notation for a signal and its 
unilateral ^-transform: 

■1/7 

X [ n ] «_ X(z) ^ V.Z{ x[n}}. fiai26) 

The unilateral ^-transform differs from the bilateral transform in that the summation is 
carried out only over nannegative values of rt t whether or not x[n] is zero for n < 0. Thus 
the unilateral ^-transform of x[n] can be thought of as the bilateral transform of t[n]w[n} 
(i.e., x[ri] multiplied by a unit step). In particular, then, for any sequence that is zero for 
n < O f the unilateral and bilateral ^-transforms will be identical. Referring to the discussion 
of regions of convergence in Section 10,2 T we also see that, stnce :c[nlu[rt] is always a 
right-sided sequence, the region of convergence of 9C(z) is always the exterior of a circle. 
Because of the close connection between bilateral and unilateral z- transforms, the 
calculation of unilateral transforms proceeds much as for bilateral transforms, with the 
caveat that we must take care to limit the range of summation in the transform to n ^ 0. 
Similarly, the calculation of inverse unilateral transforms is basically the same as for bilat- 
eral transforms, onra we take into account the fact that the ROC foi a unilateral transform 
is always the exterior of a circle. 

T 0.9. 1 Examples of Unilateral z-Transforrm and inverse Transforms 
Example 10.32 

Consider the signal 

x[n] =ta n it[tt]. (10.127) 

Since x\n] = O t n < t the unilateral and bilateral transforms are equal for this example, 
and thus, in particular, 

K(z) = i--'— T- W>H- (10128) 

Example 10.33 

Let 

x[ti\ = a"^u[n + lj r (10.129) 

In this case [he unilateral and bilateral transforms are not equal, since x[- X\ - 1 ** 0. 
The bilateral transform is obtained from Example 10. 1 and the time-shifting properly set 
forth in Section \0 52, Specifically, 

X{z) - - _ , |z| > |o|. (10.130) 
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In contrast, the unilateral transform is 

or 



Example 10.34 

Consider the unilateral si-transform 

3~ s -i 

9C{z) = 1 — -^ j . (10.132) 

O-ir'Xi- ii"') 

In Example 10.9 t we considered the inverse transform fox a bilateral ^-transform X(z) 
of the same form an in eq r (10.132) and for several different ROC*. In the case of the 
unilateral transform, the ROC must be the exterior of the circle of radius equal to the 
largest magnitude of the poles of 3C(s) — -in this instance, all points z witrrljj > 1/3. We 
can then invert the unilateral transform exactly as in Example 1G\9 T yielding 

*H = [ ~ ) u[n) + 2[I ) u[n] for n>a (10.133) 

In eq, (10, 133), we have emphasized the fact that inverse unilateral ^-transform* provide 
us with information about x[tt] only ft>r n s 0. 

Another approach to inverse transforms introduced in Section iQ H 3 t namely, iden 
tifying the inverse transforms, from the coefficients in the power-series expansion of the 
z-transfbim, also can be used for unilateral transforms. However, in the unilateral case, a 
constraint which must be satisfied is that, as a consequence of eq, 00.125), She power- 
series expansion for the transform cannot contain terms with positive powers of z- For 
instance, in Example 10.13 we performed long division on the bilateral transform 



I -a: 



x & ~ t— ^r (10,134) 



in two ways, corresponding to the two possible ROCs for X[z). Only one of these choices, 
namely, that corresponding to the ROC \z\ > \a\ t led to a series expansion without positive 
powers of z> Le. a 

1 , -, -. 



1 - az l 
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and this is the only choice for the expansion if eq. (10.134) represents a unilateral trans- 
form. 

Note that the requirement that 3C(z) have a power-series expansion with no terms 
with positive powers of z implies that not every function of z can be a unilateral z -transform. 
In particular, if we consider a rational function of z written as a ratio of polynomials in ; 
(not in z~ ] ), i.e., 

g. (UU36) 

then for this to be a unilateral transform (with the appropriately chosen ROC as the ex- 
terior of a circle), the degree of the numerator must be no bigger than the degree of the 
denominator. 

Example 10.35 

A simple example illustrating the preceding point is given by the rational function in 
eq. (10.130). which we can write as a ratio of polynomials ins; 

■> 

— - -. (10.137) 

Z- a 

There are Iwo possible bilateral transforms that tan be associated with this function, 
namely those corresponding to the two possible ROCs, |e| < |ci| and |;| > |aj The choice 
\z\ > IfllconespoDdstoarigh^sided sequence, butno/toasignal that is zero for alln < 0, 
since its inverse transform, whicb is given by eq. (10.129), is nonzero foT n =■ - L 

More generally, if we associate eq. (10.136) with the bilateral transform with the 
ROC that is the exterior of the circle with radius given by the magnitude of the largest 
root of q(z)+ then the inverse transform will certainly be right sided. However, for it to 
be zero for all n < T it must also be the ca<rc that degroc(p{*;}t ^ degree(ff(^>) 

1 0.9.2 Properties of the Unilateral z Transform 

The unilateral £- transform has many important properties, some of which are identical to 
their bilateral counterparts and several of which differ in significant ways. Table 103 sum- 
marizes these properties. Mote that we have not included a column explicitly identifying 
the ROC for the unilateral z-transfonn for each signal, since the ROC of any unilateral r- 
transform is always the exterior of a circle. For example, the ROC for a ration al unilateral 
Laplace transform is always outside the outermost pole. 

By contrasting this table with the corresponding Table 10.1 for bilateral z-tran storms, 
we can gain considerable insight into the nature of the unilateral transform. In particular, 
several properties — namely, linearity, scaling in the ^-domain, time expansion, conjuga- 
tion, and differentiation in the ^-domain — are identical to their bilateral counterparts, as 
is the initial-value theorem stated in Section 10.5,9, which is fundamentally a unilateral 
transform property, since tt requires x[n] = for n < 0. One bilateral property. namel\, 
the time-reversal property set forth in Section 10.5.4, obviously has no meaningful coun- 
terpart for the unilateral transform, while the remaining properties differ in important ways 
hetween the bilateral and unilateral cases. 
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TABLE >G.3 PROPERTIES OF THE UNILATERAL /-TRANSFORM 



Property 


Signal 


Unilateral £ -Transform 


— 


xUtl 




Kite) 

£ a te> 


Lincanry 


&*-,[n] + bx<t[ti\ 




osr^i) * &3c*u> 


Time delay 


*\n- IJ 




r'SEte)* t[-JJ 


Time advance 


*[** U 




£Cte) - sx[0] 


Scaling m the z-dantsin 








Time eApaiiiion 




n ^ ?njt far an.y m 


W> 


Ctnijug"atiun 


JT[M1 




ac*u') 


Convululitm i assuming 
that x t [n] and Jfj|n) 
are identically zero fur 
n <0) 


jfifnj * J ? [n] 




DCi(zJ3C>U) 


FitsI difference 


jffnj - Jt[ii - 1] 




(J -e ■>£(:(£) -4-ij 


Accumulation 


2>^ 




T~^> 


Different] ariofl in ihe 
Z -domain 


fljffw] 




dX(z) 

Z dz 




Initial VaJuc Theorem 
r[0] = hmJCfe) 





Let us examine the difference in the con vol ution property first. Table 1 0. 3 states that 
if jcj [rt] -■ jc 3 [n] - for all n < O t then 



jc[fn] + jc 2 fnj 



itz 



K,(da 2 UX 



(10.138) 



Since in this case the unilateral and bilateral transforms are identical for each of these 
signals, eq. < J 0_ 1 38> foliows from the bilateral convolution property. Thus, the system 
analysis and system function algebra developed and used in this chapter apply without 
change to unilateral transforms as long as we are considering causal LTI systems (for 
which the system function is both the bilateral and the unilateral transform of the impulse 
response) with inpuLs that are identically zero for n < 0. An example of such application 
is to the accumulation or summation property in Table 10.3. Specifically, if x\ti] - for 
n < T then 



21 j[t] = x[hj* u[n\ 
k = a 



iiz l 

^->aca)iiu)^a:(z) 



\ -z' 1 ' 



(10,139) 



As a second example, consider the following: 
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Example 10.36 

Consider the causal LTI system described by the difference equation 

y{n} + 3y\n - 1] = x[u], (10.140) 

together with the condition of initial rest. The system function for this system is 



1 + 3r 



■^C*) = ■ . - -| - (10.141) 



Suppose that the input to the system is x[n\ = txu[n], *here « is a given constant. In 
this case, the unilateral (and bilateral) z-traiL&form of the Qutput y[n] is 



%z) = ^(z)3C(z) = 



(1 +3z ')(! -*-"> 



(3/4)* (3/4)o 



(in. 142) 



1 +3*-' I - z ~ r 
Applying Example 10.32 to each term ofeq. (10. 142) yields 



y[n] = a 



I + f| ]t-3r 



u[*l (10.143) 



An important point to note here is that the convolution property for unilateral z- 
transforms applies, only if the signals *i[m] and x 2 [n\ in eq, {10.138) are both identically 
zero forn < 0. While it is generally true that the bilateral transform of ^t[n]*^[rt] equals 
the product of the bilateral transforms of r t [n] and x 2 [n], the unilateral transform of x [n]* 
jc 2 [n] in general does not equal the product of the unilateral transforms if jt, [n] or x 2 [n] is 
nonzero for n < 0. This point is explored further in Problem 10.41 

Much of the importance of the unilateral z-transform lies in its application to analys- 
ing causal systems and, in particular, systems characterized by linear constant-coefficient 
difference equations with possibly nonzero initial conditions. In Section 10,7 we saw 
how the bilateral transform — particularly the shifting property for bilateral z-transforms — 
could be used to analyze and compute solutions for LTI systems characterized by such 
difference equations, together with the assumption of initial resi. As we will now see, 
the shifting property for unilateral transforms, which differs from its bilateral counterpart, 
plays an analogous role for initialized systems. 

To develop the shifting property for the unilateral transform, consider the signal 

y[n] = x\n- l] t (I0.J44) 

Then 



» 

= jc[-i] + 2>i n -iiz~' r 

fl = l 
= Jrr-l]+52*lH]z- (,J + 1 \ 



1=0 
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or 

X 

Viz) = jti-ii+r'^jwr", (io.i4S) 

J!=0 

so that 

^(z) = jr[^l] + z ^(z). (101445) 

By repeated application of eq. (10.146), the unilateral transform of 

M/[n] = ;y[n - I] = x[n - 2] (10.147) 

is 

%) - j[^-2] + jr[-1]r' + i~ z 9C(z). (10.148) 

Continuing this iterative procedure, we can also determine the unilateral transform of x[n— 
m] for any positive value of m, 

Eq. (10.146) is sometimes referred to as the time delay property, since y[tt\ in 
eq, (10,144) is a delayed version of x\n]. There is also a time advance property for 
unilateral transforms that relates the transform of an advanced version of x[n] to 2C(zh 
Specifically, as shown in Problem 10-60 T 

x[n + 1] ^— > zX{z)~zx[0l (10,149) 



1 0.9.3 Solving Difference Equations Using the Unilateral 
z-Tranrform 

The following example illustrates the use of unilateral z-tiansforms and the time delay 
property to solve linear constant-coefficient difference equations with nonzero initial con - 
ditions; 

Example 10.37 

Consider again Ihe difference equation (10.140) with x\n] = &u[n] and with the initial 
condition 

vL-l] = £. (10.150) 

Applying the unilateral transform to both sides of eq. (10.140) and using the linearity 
and time delay properties, we obtain 

^<z) + 30 + 3;- J U(z) = 1 "_, . flO.151] 

1 — ; L 



Solving for^fs) yields 



*« - -rrh + (1.3,-xi- -,- ■)■ U0J52) 
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Referring to Example 10,36 and + in particular,, eq, ( JD.142) b we see that the second 
term on the right-hand side of eq. ( 10. 15-21 equals the unilateral z-transfoim of the re- 
sponse of the system when the initial condition in eq. (ItJ. 150) is zero (j9 = 0). That is, 
this term represents the response of the causal LTI system described by eq. f 10.1 40), to- 
gether with the condition of initial rest. As in continuous-time, this response is frequently 
referred to as the zero-state response, i.e., the response when the initial condition or state 
is zero. 

Tlie first term on the rigtil-hani fcide of eq. (10, 1 52) is interpreted as the unilateral 
transform of the zero-input response — i.e. h the response of the system when the input 
is zero (a = 0). The: zero-input responhe is a linear function of the value of the ini- 
tial condition Moreover, eq, (10.152) illustrates the fict that the H>lution of a linear 
constant-coefficient difference equation wiLh nonzero initial state is the superposition of 
the zero-state and sero-input responses. The zero-state response, obtained by setting the 
initial condition ift zero, corresponds to the response of ihe cau.tal LTJ system defined by 
the difference equation and the condition of initial rest. The zero- input response is [he re- 
sponse to the initial condition alone with the input set to zero. Problems 10.20 and 10.42 
provide other examples illustrating the use of unilateral transforms to solve difference 
equations with nonzero initial conditions. 

Finally, for any values of « and £, we can expand ^(z) in eq. (10.152) by the 
method of partial fractions and invert the result lo obtain vfn]. For example, if a - 8 
and0 = U 

^-n^ + r~- < ltU53 > 

and applying the unilateral transform pair m Example 10.32 to each term yield* 

v[ji] - [3(-3) fl + 21u[nj, torn ^ D. (10.154) 



10. TO SUMMARY 



In this chapter, we have developed the z-transform for discrete-time signal s and systenrs. 
The discussion and development closely paralieJed the correspond i tig treatment of the 
Laplace transform for continuous-time signals, hut with some important differences. Fox 
example, in the complex i-plane the Laplace transform reduces to the Fourier transform on 
the imaginary axis, whereas in the complex z-plane the z-transform reduces to the Fourier 
transform on the unit circle. For the Laplace transform the ROC consists of a strip or 
half-plane (i,£., a strip extending to infinity in one direction), whereas for the ^-transform 
the ROC is a ring, perhaps extending outward to infinity or inward to include the origin 
As whh the Laplace transform, time-domain characteristics such as the righi-sided, left- 
sided, or two-sided nature of a sequence and the causality or stability of an LTI system 
can be associated with properties of the region of convergence, [n particular, for rational 
^-transforms, these time-domain characteristics can be associated with the pole locations 
in relation to the region of convergence. 

Because of the properties of ^-transforms, LTI systems, including those described 
by linear constant-coefficient difference equations, can be analyzed in the (TEuisform do 
main by algebraic manipulations. System function algebra also is a very useful tool for 
the analysis of interconnections of LTI sysLcms and for the construction of block diagram 
representations of LTI systems described by difference equations. 
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For the most part in this chapter, we have focused on bilateral ^-transforms. However, 
as with the Laplace transform, we have also introduced a second form of the ^-transform 
known as the unilateral ^-transform. The unilateral transform, which can be viewed as the 
bilateral transform of a signal whose values for n < have been set to zero, is particularly 
useful for analyzing systems described by linear constant-coefficient difference equations 
with nonzero initial conditions. 



Chapter 10 Problems 



The first section of problems belongs to the basic category, and the answers are pro- 
vided in the back of the bock. The remaining three sections contain problems belonging 
to the basic:, advanced, and extension categories, respectively. 



BASIC PROBLEMS WITH ANSWERS 

10*1. Determine the constraint on r - \z\ for each of the following sums to converge; 



(a) 



1 \fl-H 



w 



(b) jr^ r >-»- 



«--i 



n=i 



(c) ^{LLizirfc ij (d) ^(|)N C os(fM)z- fl 

10,2, Consider the signal 

x[n] = -Ufrt-3]. 

Use eq. (10,3) to evaluate the ^-transform of this signal and .specify the corre- 
sponding region of convergence 

10J. Let 

*[«] = (-l) n u[n\ + a"u[-n - n ]. 

Determine the constraints on the complex number a and the integer n$ y gjveji that 
the ROC of X(z) is 



1 < III < 2. 



10.4. Consider the signal 



1 J 1 0, n > ft 



Determine the poles and ROC for X(z). 

10.5. For each of the following algebraic expressions for the z-transfomi of a signal, 
determine the number of zeros in the finite s-plane and the number of zeros at 
infinity. 
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(b) 




z~\\ -{z 


-■ ] ) 




(1 

(1 


- l E -ixi- 


1 „_ 

A* 

2z~ l 




(1 


-3- 1 )(l- 
z~ 2 {\ -z 


4z 


') 


(1 


- Jz-')(1 + 


i __ 

" 4* 


') 



10,4. Let *[b] be an absolutely summablc signal with rational ^-transform X(z). If X<z) 
is known to have a pole at z = 1/2, could jc[a] be 

(a) a finite-duration signal? 

(b) aleft-sided signal? 

(c) a right-sided signal? 

(d) a two-sided signal? 

10.7. Suppose that the algebraic expression for the ^-transform of x[n] is 

How many different regions of convergence could correspond to X{z)7 

10.8. Let x\n] be a signal whose rational ^transform X{z) contains a poie at z ~ 1/2. 
Given that 



is absolutely summable and 



flV 



is not absolutely sum nibble, determine whether x[n] is left sided, right sided, or 
two sided, 

10.9-. Using partial-fractioii expansion and the fact that 

a " u[n] ^ r^fer- w > l4 

find the inverse ^-transform of 
10.10. Consider the following algebraic expression for the z-transform X(z) of a signal 



1+ \ z -^ 
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(a) Assuming the ROC to be \z\ > 1 /3, use long division to determine the values 

(b) Assuming the ROC to be \z\ < 1/3, use long division to determine the values 

10.11, Find the inverse ^-transform of 



*U) - [ 



1,024 



1,024 -g" 10 



> \z\ > 0. 



10.12. By considering the geometric interpretation of the magnitude of the Fourier trans- 
form from the pole-zero plot, determine, for each of the following ^-transforms, 
whether the corresponding signal has an approximately lowpass, bandpass, or 
high pais characteristic: 

(a) x ^> = r~hr- M > I 

10*13, Consider the rectangular signal 
Let 



1, ^ n ^ 5 
0, otherwise 



(a) Find the signal g[n] and directly evaluate its ^-transform. 

(b) Noting that 

use Table 10. 1 to determine the z-transfonn of X(zX 
10.14. Consider the triangular signal 

\n-\, 2 ^ n ^ 7 
*[*] - J 13-n, fi === rr ^ 12. 
[ 0, otherwise 

(a> Determine the value of rto such thai 

g[n] = x[n] * x[n - no], 

where x[n] is the rectangular signal considered in Problem 10.13. 
(b) Use the convolution and shift properties in conjunction with X{z\ found in 
Problem 10 J 3 to determine G(z). Verify that your answer satisfies the initial- 
value theorem. 
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10L15. Let 



yw = in 



(JJf-w 



Determine two distinct signals such that each has a ^-transform X\ z) which satisfies 
both of The following conditions: 

1- [Xlz) + X(-z)]fl = Y(f). 

2. X{z) has only one pole and only one zero in the i-plane. 

10.16. Consider the following system functions for stable LTI systems. Without utilizing 
the inverse £ -transform, determine in each case whether or not the corresponding 
system is causal. 



(a) 



1 



-z _l + -I' 2 



,-\ 



(1 



i 



)(1 - \z~ 



T -"■ _ 



(b) - 



z + ^z- 



(c) 



2 _ j_ 
:*- it 

i+ 1 



* + \-\r*-\z 



- 1 



10. 1 7. Suppose we are given the following five facts about a particular LTI system S with 
impulse response hfrt] and ^-transform H(zy. 

L h\n] is real. 

2, h[t\] is right sided. 

3, hmH{?) = 1. 

4, //(s) has two zeros, 

5, /J(s) has one of its poles at a nonreal location on the circle defined by [z| - 3/4. 
Answer the following two questions: 

(a) Is S causal? (h) Is S stable? 

10.18. Considera causal LTI system whose input x[n] and output y[n] are related through 
the block diagram representation shown in Figure P10. 1 8. 



m 



■<±> 



*T 



0—4 



z ' 

4 -* ^-s 

, r 1 



■*-© — ^VM 



■0 



Figure P10.1 3 

(u) Determine a difference equation relating y[n] and x[n]. 
(b) Is this system stable 7 

10.19. Determine the unilateral ^-transform of each of the following signals, and specify 
the corresponding regions of convergence: 
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(a) jt ( [fi] =(Jr*[« + 5] 

(b) * z [nJ - 8[n + 3] + £[*] + 2' r u(-n] 

(c) jtj[wj = (|)W 

10.20. Consider a system whose input *[n] and output y[n] are vested b> 

>>|>- 1] + 2y[n] = x\n]. 

(a) Determine the zero-input response of this system if y[- 1] =2. 

(b) Determine the zero-stale response of the system tome input x[n\ = {U4yu[n\. 
(c> Determine the output of the system for n ^0 when x\n] = {U4) n u[n] and 

y[-l\ -2. 

BASIC PROBLEMS 

10.21. Determine the z transform for each of the following sequences. Sketch the pole- 
zero plot andindicate the region of convergence. Indicate whether or not the Fourier 
transform of the sequence exists 

(a) 6[n + 5] (b) S[n - 5] 

(c) (-J) fl w[ffl] (d) i±r* l *i* + 3\ 

(e) <-Jr„[- fl -2] (0 (i)M3-n) 

(g) 2"h|-ji] + (!)"«[«- U (h) (|r- 2 H[«-2] 

10.Z2. Determine the z-transfonn for (he following sequences. Express aJl sums in closed 
farm. Sketch the pole-zero plot and indicate the region of convergence. Indicate 
whether the Fourier transform of the sequence exists, 
(a) (|r<«[« + 4] - u[n - 5]} (b) „(i)M 

(c) |«J(|)H <d> 4-cos[^« + J|h[-b - 11 

10.23. Following are several c-tran sfornis . For each one, determine the inverse ^transform 
using both the method based on the partial- fraction expansion and the Taylor's se- 
ries method based on the use of long division. 

1 - ?~ x I 

r 1 - ' i 

Xiz) = T^rpV W * 2' 

'« - <f^ W > I- 
^ ^ ^k> W < J- 
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10.24. Using the method indicated, determine the sequence that goes with each of the 
following ^-trans forms: 
(a) Partial fractions: 

X(z) = ^— — , and x[n] is absolutely summable. 



(b) Long division: 



Ic) Partial fractions: 



u- 



Xiz) — i — - t and x[n\ is right sided. 



1 + kz 



X{z) = j pr? 1 and Jtfn] is absolutely summable. 

10.25. Consider a right-sided sequence x\n] with ^-transform 

X(z) = j — . (P10,25-1) 

a-^-'xi-r 1 ) 

(a) Carry out a partial -fraction expansion of eq, (P1G,25-1) expressed aw a ratio 
of polynomials in z ' . and from this expansion, determine x[n\, 

(T>) Rewrite eq. (PlO.25-1 ) as a ratio of polynomials in z, and cany out a partial- 
fraction expansion of X{z) expressed in terms of polynomials in z, From this 
expansion, determine x[n], and demonstrate that the sequence obtained is 
identical to that obtained in part (a). 

10.26. Consider a left-sided sequence x[n] with z -transform 

X(z) = =— p . 

(1 - ^'Xl-z 1 ) 

(a) Write X{z) as a ratio of polynomials in z instead of z~ ' . 

(b) Using a partial -fraction expression, express X(z) as a sum of terms, where each 
term represents a pole from your answer in part fa). 

(c) Determine x[n]. 

1&27. A right-sided sequence x\n] has z-transfrrm 

v , x _ 3z- w + Z- 7 -5z- 2 + 4z ] +1 
Xiz) ~ " z ^-5z-> + z-i ' 

Determine x[n] f or n < 0. 

10.28. {a) Efetermine the ^-transform of the sequence 

A[n] = 5[fl]-0,95 5lrt-6]. 

(b) Sketch the pole-zero pattern for the sequence in part (a). 

(c) By considering the behavior of the pole and zero vectors as the unit circle 
is traversed, develop an approximate sketch of Ihe magnitude of the Fourier 
transform of x[ri\. 

10.29* By considering the geometric determination of the frequency response as discussed 
in Section 10.4, sketch, for each of the pole-zero plots in Figure P 10.29. the mag- 
nitude of the associated Fourier transform. 
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Unrt circle 




Circle of radius 0.9 



«5> 
Figure Pi 0.29 
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10.30. Consider a signal y[n] which is related to two signals jtj [n] and X2[n] by 

>■[«] = Jri[flH-3J*JC 2 t-n + 1] 



1\" /l\ rt 



where 



*iL«] = lx I n\n] and x 2 [n] -= I- | u[n]. 

Given that 

a"u[n] * — ■* 3J, |z| > \a\ t 

1 — az L 

use properties of the ^-transform to determine the ^-transform Viz) of y[n], 

1031. We are given the following five facts about a discrete-time signal x[ri] with i- 
tiansform Xiz). 

1* jf[n] is real and right-sided, 

2. X{z) has exactly two poles. 

3. X(z) has two zeros at the origin. 

4. X(z) has a pole at z = \e* v &. 

5. XO) - I 

Determine X(z) and specify its region of convergence, 

1032. Consider an LTI system with impulse response 



and input 



f a'\ n £ 
I G, n < 



, , = f 1. ^ n 
1 j 1 0, otherw 



x\n\ = l Z' " . 

otherwise 



(a) Determine the output y[n] by explicitly evaJuating the discrete convolution of 
x[n] andft["]- 

(b) Determine the output y[n\ by computing the inverse z-transform of the product 
of the ^-transforms of the input and the unit sample response. 

1033- (a) Determine the system function for the causal LTI system with difference equa 
tion 

(b) Using ^-transforms, determine y[n] if 



x\n\ =[-| u[nl 
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10,34. A causal LTT system is described by the difference equation 

>"[raj = y[« - 1] + M» - 2 1 + *[" - H- 

(a) Find the system function H{z) = Y{zbtX{i) for this system. Plot the poles and 

zeros of H(z) and indicate the region of convergence, 
(h) Find the unit sample response of the system, 
(c) You should have found the .system to be unstable. Find a stable (noncausal) 

unit sample response that satisfies the difference equation, 

10-35. Consider an LTI system with input x[n] and output y[n] for which 



y[«- I]" 5j[«] + >[n + 1J = *[«]* 

The system may or may not be stable or causal ► 

By considering the pole-zero pattern associated with the preceding differ- 
ence equation, determine three possible choices far the unit sample response of 
the system. Show (hat each choice satisfies the difference equation. 

10.36, Consider the linear, discrete-time, shift-invariant system with input x\n] and output 
y[n] for which 

y[n-l]-™y[n] + ytn + U = xtnl 

The system is stable. Determine the unit sample response. 

10J7. The input x[ri] and output y[ri] of a causal LTI system are related through the 
block-diagram representation shown in Figure P10.37. 



n(n] -+(?) 




*(+) — *" v * n i 



Figure PI 0.37 

(a) Determine a difference equation relating y[n] and x[n]. 

(b) Is this system stable? 

10J& Consider a causal LTI system 5 with input x[n] and a system function specified as 

H(z) - H x iz)H 2 {z)> 
where 

1 



Mi(i) = - 



1 4- -7 T _ l z -2 
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and 

7 i 1 -> 

H 2 {z) = 1 - -r 1 - 5 * - 

A block diagram corresponding to Hiz) may be obtained as a cascade connection 
of a block diagram for Hiiz) followed by a block diagram for Hi(z). The result is 
shown in Figure P10.38, in vhich we have also labeled die intermediate signals 
e\[n], eiin], fiin], and f 2 ln\. 





z" 1 z 


: ^ 

-1 


>- 


■*-yln] 


/ 


S« 1 * 


erfn] f,[n] 
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_ 




L 

i 


i< 4 






z" 1 z 


-1 

1 






LU ^[n] f z [r] ' LJJ 




Figure PI 0.38 



(a) How is *?i [n] related to /j[n]? 

(b) How H e 2 [n] related to /;[n]? 

<c) Using your answers co the previous two parts as a guide, construct a direct- 
form block diagram for S that contains only two delay elements, 

(d) Draw a cascade-form block diagram representation for S based on die obser- 
vation that 



H(z) = 



'l + jS-'Vl -2z 



-i 



] __ 



,1 + iz 



!_!,-. 



^ 



<e> Draw a parallel-form block diagram representation for S based on the obser 
vation that 



H{z) = 4 + 



5/3 



14/3 



i + Jr' l-Jr l 



14X39. Consider the following three system functions corresponding to causal LTI sys- 
tems: 



fi\iz) = 
H 2 (Z) = 
H 3 {z) = 



1 



(1-3-' + i*- a )<l- 

1 


h~ 


+ Jr *)' 


(\-Z ' + ^7-^(1 - 
I 


W 


+ ^" 2 )' 



(1-7-J + ' z -i)(l-3-L+ lj-2)' 
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(a) For each system function, draw a direct-form block diagram. 

(b) Fur each system function, draw a block diagram that corresponds to the cas- 
cade connection of two second-order block diagrams. Each second-order block: 
diagram should be m direct form. 

(c) For each system function^ determine whether there exists a block diagram rep- 
resentation which is the cascade of four first-order block diagrams with the 
constraint that all the coefficient multipliers must be real, 

10.40. Determine the unilateral 2-transfonn for each of the frequences in Problem 1 0,2 1 

10.41. Consider Vhe following two signals: 

*tl"l = U) «["+ '1 

Let 9tj(s) and X\(z) respectively be the unilateral and bilateral ^-transforms of 
.*i[/i], and let EC2 1 '-) and X2U) respectively be the unilateral and bilateral z- 
transforms of ,¥2! ft J- 

(a) Tate the inverse bilateral ^-transform of XiiziXiiz) to determJQC g[n] = 
Jt\[n] * xz[n]. 

(b) Tate the inverse unilateral z-transform of 3C[(£)SC2(£) to obtain a signal q[n] 
for n ^ Observe that q\n] and g[ri\ are not identical for n ^ 0. 

10.42. Fur each of the following difference equations and associated input and initial con- 
ditions* determine the zero-input and zero-state respenses by using the unilateral 
z- transform: 

(a) ylfl] + 3y{n - 1] = x\n] t 

-tL«] = (ij ulnl 
y|-H - 1. 

(b) y\n\ - ^y{n - \] = *[«] - ^x[n - 1], 

x[n] = u[n), 
v[-l] -0. 

(C) >>inl - l -y{n - I] - x[n] - ±x[n - 1], 
>T"l] = I- 
ADVANCED PROBLEMS 

1043, Consider an even sequence x[n] (i.e., x[n] - x[-n]) with rational z-transfonn 
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(a) From the definition of the ^-transform, show that 

X{z) = X\-\. 



(b) From yourresulls in part (aX show that if a pole (zero) of X(z) occurs at z = zo. 
Then a pole (zero) must also occur at z = Uzty. 

(c) Verify the result in part (b) tor each of the following sequences: 

(1) 8[n+ \]+8[n- ]] 

(2) &\n+ [] - l5[n] + S[n - \] 

10.44* Let x[n] be a discrete-time signal wilh £ -transform X{z). For each of ihe fallowing 
signals, determine the z~ transform in lentiK of X\ _z): 
(a) A*[n] t where A is the first-difference operator defined by 



Ax[n] = x[n] - x[n - 1] 



(b) x,M = [o, 



ti even 
odd 



(c) jci [n] — x[2n] 

10.45. Determine which of the following ^-transforms could be the transfer function of 
a discrete-time linear system that is not necessarily stable, but for which the unit 
sample response is zero for n < 0. State your reasons clearly, 

-z 'V s _ (z-1) 2 



(a) - ^ (b) ^~ 

1 - kz 



K " 1 z-k 

(c) —■■*?- (d) U 4 ' 

2 } \*. 2 



(Z~ 1)* ' ' U-i)5 



10,46. A sequence x[n\ is the output of an LTI system whose input is s\n}. The system is 
described by the difference equation 



*C! 



x[n] = s[n] - f B «j[«- 8]. 



where < <x < 1 , 

(a) Find the system function 






and plot its poles and zeros in the z-plane. Indicate the region of convergence, 
(b) We wish to recover v[/i] from x[n\ with an LTI system. Find the system func- 
tion 
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such that v|rt, = i[n]. Find all possible regions oT convergence for M^iz), and 
for each, tell whether or not the system is causal or stable, 
(c) Find all possible choices for the unit impulse response ft^fnl such that 

v[n] = h 2 [^]* x[n] = s[n\. 

10,47. The following is known about a discrete-time LTI system with input x[n\ and out- 
put y[n]: 

1. lfjrr«l = ( I)" for all n. then >-jn] - for all n 

2. If .*[«] = (U2yu\n\ for all n, then y[ttj for all n is of Ehe form 

y(n\ = filnl + ff^J M [ H j. 

where a is a constant. 
la) Determine the value of the constant a* 
(b) Delermjne the response y[/i] if the input x\n] is 

x[n] = \, for all rt, 

10.4S. Suppose a second-order causal LTI system has been designed with a teal impulse 
jesponse ft! [rt] and a rational system function H\ (z). The pole-zero plot for Hdz) 
is shown iti Figure P10.4S(a). Nov- 1 consider another causal second-order system 
with impulse response fcifn] and rational system function H 2 {z)- The pole-zero plot 
for H2iz) is shown in Figure Pl0.4B(b), Determine a sequence g[n] such that the 
following three conditions hold: 

(1) h 2 \n\ = jf[n]h,[«3 

(2) g[n\ = Oforn < 





i wv 



(t>) 



Figure PI 0.48 
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10,49, In Property 4 of Section 10,2, it was stated thatif *[«] is a right-sided sequence and 
if the circle \i\ = ^ is in the ROC , then all finite value* of z for which |;| < i\\ will 
also be in the ROC, In this discussion an intuitive explanation was given. A more 
formal argument parallels closely that used for Property 4 of Section 9.2 t relating 
to the T^apJaee transform. Specifically, consider a right-sided sequence 



and for which 



X^ 



x[n\ = 0, n < N\ t 






Then if ro ^ r\ 



V |jff«l|r ( w =s A ^ |*[M]|ro", 



IP1049-1) 



ft = >' i 



jj - /v 



where A is a positive constant. 

(a) Show that eq (P10.49-1) is true, and determine the constant -4 in terms of r (J , 
H , and ^V| . 

(b) Frnm your result in part (a) t show that Property 4 nf Section 10.2 follow*. 

(c) Develop an argument similar to the foregoing one to demonstrate the validity 
of Property 5 of Section 10,2. 

10.50. A discrete-time system with the pole-zero pattern shown in Figure P10_50ia) is 
referred to as a first-order all-pass system, since the magnitude of the frequency 
response is constant regardless of frequency, 
(») Demonstrate algebraically that |//(^ u )| in constant. 

To demonstrate the .same property geometries] ly, consider the vector dia- 
gram in Figure PI 0.50(b). We wish to show that the length of v 2 is proportional 
to ihe length of vi independently of the frequency w. 



Unit circle 




Figure PI 0,50a 
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It* 



Unit circle 




Figure PTO.SOt> 



(bl Express the length of v t using the law of cosiiyes and the fact that vj is t>ne leg 
of a triangle for which the other two legs are the unit vector and a vector of 
length a. 

{c\ In a manner similar to that in part (b), determine the length of v^ and show 
that it is proportional in length to v\ independently ofw. 

10.51. Consider a real-valued sequence x[n] with rational ^transform X{z). 
(a} From the definition of the ^transform, show that 

X(z) = X*(z"\ 

(b) From Yourresult in part (aXshowthat if apole(zero) of X(;r) occurs at z =■ zq> 

then a pole (zero) must also occur at z = Eq. 
(cj Verify the result in part (b) for each of the following sequences: 

U> x[n] - d)""!"] 

(2) x[n] - *[nl - IStfl - 1] + ^ffl - 21 
(d> By co mbin i ng your results in part {b ) with the resu It of Problem I CL4 3( b ), s ho w 

that for 4 real, even sequence, if there is a pole (zero) of H(z)atz = pe jfi , then 

there is also a pole (zero) of H(z) at z = Olp)e* 9 and aL z = (\/p)e~ J ^. 

10.52. Consider a sequence x\[n] with ^-transform Xiiz) and a sequence x->\r\] with ;- 
transform Xii'X where 



5h<iw that Xi(:) = XH1M, and from this, show that if X]U) has a pole (nr zero) 
at z = Zi t , then Jf^Cz) has a pole (or zero) at * = l/^>. 

10.53. (a) CajTy out the proof for each of the following properties in Table 10.1. 

(1) Property set forth in Section 10.5.2 

(2) Property set forth in Section 10.5.3 

(3) Property set forth in Section 10.5.4 
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(b) With A'U) denoting the ^-transform of x[n] and fl c the ROC of X(0, determine, 
in terms of X(?) and /?*, the 7-transiorm and associated ROC for each of the 
following sequences: 

(1) **[«] 

(2) ^Jjc[rtl, where zq is a complex number 

10.54. In Section 10.5,9, we stated and proved the initial-value theorem for causal se- 
quences. 

(a) State and prove the corresponding theorem if jtlft] is anticausal (i.e.. if x\n\ = 
fi\n>0h 

(b) Show that if x\n\ = 0, u < 0, then 

x\\\ - \imz{X(z) -*\U])- 

z ■ * 

10.55. Let x[n] denote a causal sequence <i.e , if x[n] = -0, n < 01 for which x[0\ is 
nonzero- and finite. 

(a) Using the initial-value theorem, show thar there are no poles or zeros of X(-) 
at z = «. 

(b) Show that, as a consequence of >our result in part (a), the number of poles 
i>f X(t) in the finite z-plane equals the number of zeros of X{z) in the finite 
z-plane. (The finite z-plane excludes z = K .) 

lOtSfi* In Section 10.5,7, we stated the convolution property for the z-transform. To show 
that this property holds, we begin with the convolution sum expressed as 

X 

x$\n] = j|Enl*jc 2 [H] - ^ x\[k]x 2 [n ~ h], (P10.56-1) 

(a) By taking the z-transform of eq. (F10.56-1) and using eq (10.3), show that 

where X*(?) is the transform of X2W ~ ^] 
<b) Using your result in part (a) and property 10.5.2 in Table 10. \ t show that 

Xrtz) = X 2 (z) V iitAU"*. 

(c) From part (b\ show that 

as stated in eq. (10.B1). 
10,57, Let 

Xtiz) = -t|[0] + *i[1k _1 +■- + i,IJV|J; 1% \ 
^(() = J2EO]-Hx 2 [lk-' + ■■■ + * 2 [-Vjh- fr, = . 
Define 
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and let 



M 



Ytz) - 2 >*** 



,-* 



k = a 



(a) Express M in terms of N } and N 2 , 

(b) Use polynomial multiplication to determine y\0], yfl], and y[2\. 

(c) Use polynomial muUiplicarion to show that, for ^ k ^ M, 

y[k\ = V JT,[m]jK 2 [Jt-m]. 

10.58. A minimum-phase system is a system thai is causal and stable and for which the 
inverse system is also causal and stable. Determine the necessary c distraints on the 
location in the z-plane of the poles and zeros of the system function of a minimum- 
phase system 

10.59. Consider the digital filter structure shown in Figure P1D.59. 



K[nj 



G> 



*-(+) — *- V[n] 



-* i 



4 



Figure PI 0-59 



(a) Find H{f) for this causal filter. Plot the pole-zero pattern and indicate the re- 
gion of convergence. 

(b) For what values of the k is the system stable. 1 

(c) Determine y[n] if k = 1 and x[n\ = (2/3) fl for allrt. 

10.60, Consider a signal x[n] whose unilateral 7-transform is X{z). Show that the unilat- 
eral ^-transform of y[n] = x[n -f J 3 may be specified as 

%) = zX{z) - zx[0]. 

10.61, If 3C(z> denotes the unilateral ^-transform of x[rt], determine, in ternis of 3C(z) T the 
unilateral ^-transform of: 

(a) *[/t + 3] (b) x[n-5] (c) Xl = -^\.k\ 

EXTENSION PROBLEMS 

10.62, The autocorrelation sequence of a sequence x[n] is defined as 

;- = * 
Determine the ^-transform of ^ ( [ n] in terms of the z- transform of a [n] 
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10.63. By using the power-series expansion 

log(l - w) - — ^^ —, \w\ < 1 F 
d = l ( 

determine the inverse of each of the following two ^-transforms: 
<a) Xu) = ]og(l-2z), |z|<± 
(b) JCU) = log{l- iz" 1 ). |z|> J 

14.64. By first differentiating Y(^) and using the appropriate^) roperties of the ? -transform, 
determine the sequence for which the z-tiansform is each of the following: 

(*) X(z) - log(1 - 2z). \z\ < { 

<b) X(z) = Iog<l- iz" 1 ), |*| > I 

Compare your results for (a) and (b) with the results obtained in Problem 10.63. in 

which the power-series expansion was used, 

10.65. The bilinear transformation is a mapping for obtaining a rational ^-transform Hd(t) 
from a rational Laplace transform Hjs). This mapping has two important proper- 
ties: 

1. If H c (/> is the Laplace transform of a causal and stable LT1 system, then H d {z) 
is the z-transform of a causal and .stable LTT system. 

% Certain important characteristics of (// t ijft0| are preserved in \Hd\t J<ii )\. 
In this problem, we illustrate the second of these properties for the case of all-pass 
filters, 

(a) Let 

HAs) = ^ 
x + a 

where a is real and positive. Show thai 

Iffit/ftOl = 1. 

(b) Let us now apply the bilinear transformation to H r (x) in order to obtain Hj(z). 
That is. 



/MO = HAs)\, 



I 1 ' 

T7"=T 



Show that Hrfiz) has one pole (which is inside the unit circle) and ont zero 
(which is outside the unit cirole). 
(c) For the system function Hj(z) derived in part (c), show thai |//j(f- N ")| = 1. 

10.66. The bilinear transformation, introduced in the previous problem, may also be used 
to obtain a discrete-time filter, the magnitude of whose frequency response is sim- 
ilar to the magnitude of the frequency response of a given continuous-time low- 
pass filter. In this problem, we illustrate me similarity through ihe example of a 
continuous- lime second-order Butterworth filtet with system function // t (s). 
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(a) Let 



Show that 






^( f n = // c |jtan||. 



(b) Given that 

and that the corresponding filter is causal, verify that JfctO) = 1 T that |flV (7^)1 
decreases montfionically^ith increasing positive values of <t>. that H c {j)\ 2 = 
\H. (i.e, T that ui c = 1 is the half-power frequency), and thai H t {}*) = 0. 

(c) Show that if the bilinear tiansformation is applied to H^s) of part (b) in order 
to obtain /Jj(e) + then the following may be asserted about H^iz) and Hd{e Jto ): 
1- "rf(t) has only two poles, both of which are inside the unit circle, 

2. HA** ) = 1- 

3. |/f^(e^)| decreases monotonically as ai goes from to it. 

4. The half-power frequency of H i tie jw ^ is tt/2. 
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1 T.O INTRODUCTION 



It has long been recognized that in many situations (here arc particular advantages to be 
gained by using feedback — that is, by using the output of a system to control or modify 
the input. For example, it is common in electroTnechanical systems, such as a motor whose 
shaft position is to be maintained at a constant angle, to measure the error between the 
desired and the true position and to use this error in the form of a signal to rum the shaft 
in the appropriate direction. This is illustrated in Figure 11.1, where we have depicted 
the use of a dc motor for the accurate pointing of a telescope. In Figure 1 1 .Ira) we have 
indicated pic tonally what such a system would look like, where v{t) is the input voltage 
to the motor and 9{t) is the angular position of the telescope platform. The block diagram 
for the motor-driven pointing system is shown in Figure 11 1(b). A feedback system for 
controlling the position of the telescope is illustrated in Figure 1 1 .1(c), and a block diagram 
equivalent to this system is shown in Figure 11 .1(d). The external, or reference, input to 
this feedback system is the desired shaft angle 0.15. A potentiometer is used to convert the 
angle into a voltage K[ 6n proportional to 0d- Similarly, a second potentiometer produces a 
voltage K } B{ft proportional to the actual platform angle. These two voltages are compared, 
producing an error voltage K] \8p — fl(f))i which is amplified and then used to drive the 
electric motor. 

Figure 11. 1 suggests two different methods for pointing the telescope. One of these 
is the feedback system of Figures 1 1.1(c) and (d). Here, the input that we must provide 
is the desired reference angle 8j>. Alternatively, if the initial angle, the desired angle, and 
the detailed electrical and mechanical characteristics of the motor-shaft assemble were 
known exactly, we could specify the precise history of the input voltage v{i) that would 
first accelerate and theii decelerate the shaft, bringing the platform to a stop at the desired 
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Figure 1 1. t Use of feedback to control the angular position of a telescope (a) dc 
motor-driven telescope piatform; (t>) iJock diagram of the system in (a); (c) feedback 
system for pointing tfie telescope; (d) block diagram of the system in ic) {here, K - 
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position urilhaut the use of feedback, as in Figures 1 [ . Ka) and (fcO. A system operating in 
accordance with Figures 11.1(a) and (b) is typically referred to as an open-loop system, 
in contrast to the closed-loop system of Figures- 1 1.1(c) and (dt. In a practical environ- 
ment, there are clear advantages to controlling the motor-shaft angle with the closed-Loop 
system rather than with the open-loop system. For example, in the closed-loop system, 
when the shaft has been rotated to the correct position, any disturbance from this position 
will be sensed, and the resulting error will be used to provide a correction. In the open- 
loop system, there is no mechanism for providing a correction. As another advantage of 
the closed-loop system, consider the efTed of errors in modeling the characteristics of the 
motor-shaft assembly. In the open -loop system, a precis* charactenzaUon ot the system is 
required tn design the correct input. In the closed-loop system, the input is simply the de- 
sired shaft angle and does not require precise knowledge of the system. This inscnsilivity 
of the closed-loop system to disturbance;; and to imprecise knowledge of the system are 
two important advantages of feedback. 

The control of an electric motor is just one of a great many examples in which feed- 
back plays an important role. Similar uses of feedback can be found in a wide variety iif 
applications, such as chemical process control, automotive fuel systems, household heating 
systems, and aerospace systems, to name just a few. In addition, feedback is also present 
in many biological processes and in the control of human motion. For example, when a 
person reaches for an object, it is usual during the reaching process to monitor visually the 
distance between the hand and the object so that the velocity of the hand can be smoothly 
decreased as the distance (i.e., the error) between the hand and the object decreases. The 
effectiveness of using the system output (hand position) ta control ihe input is clearly 
demonstrated by alternatively reaching with and without the use of visual feedback. 

Jn addition to its use in providing an error-correcting mechanism that can reduce sen 
sitivity lu disturbances and to errors in the modeling of the system that U to be controlled, 
another important characteristic of feedback is its potential for stabilizing a system that is 
inherently unstable. Consider the problem of trying to balance a broomstick m the palm 
(if the hand, if the hand ts held stationary, small disturbances (such a* a slight breeze or 
inadvertent motion of the hand) will cause the broom to fall over Of course, if one knows 
exactly what disturbances will occur, and if one can control the motion of the hand per- 
fectly, it is possible to determine in advance how to move the hand to balance the broom. 
This is clearly unrealistic; however by always moving the hand in the direction in which 
the broom is falling* the broom can be balanced. This, of course* require* feedback ji 
order to sense the direction in which the broom is falling. A second example that is closely 
related to the balancing of a broom is the problem of controlling a so-called inverted pen- 
dulum, which is illustrated in Figure 1 1,2. As shown, an inverted pendulum eunskts of a 
thin rod with a weight at the top. The bettom of the rod is mounted on a cart that can move 
in either direction along a track. Again, if the care is kept stationary, the inverted pendulum 




Figure 11.2 An inverted pendu turn 
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will topple over. The problem of stabilizing the pendulum is one of designing a feedback 
system thai will move ihe cart to keep the pendulum vertical. This example is examined 
in Problem 1 1.56. A third example, which again bears some similarity to the balancing of 
a bnHjm. is the problem of controlling the trajectory of a rocket In this case, much as the 
movement of the hand is used to compensate For disturbances in the position of the broom, 
the direction of the thrust of the rocket is used to correct for changes in aerodynamic Forces 
and wind disturbances that would otherwise cause the rocket to deviate from its course. 
Again, feedback in. important, because these forces and disturbances are never precisely 
known in advance. 

The preceding examples provide some indication of why feedback may be useful. 
In the next two sections we introduce the basic: block diagrams and equations for linear 
feedback systems and discuss in more detail a number of applications of feedback and 
control, both in continuous time and in discrete time. We also point out how feedback can 
have harmful as well as useful effects. These examples of the uses and effects of feedback 
will give as some insight into how changes in the parameters in a feedback control system 
lead to changes in the behavior of the system. Understanding this relationship is essential in 
designing feedback systems that have certain desirable characteristics. With this material 
as background, we will then develop, in the remaining sections of the chapter, several 
specific techniques that are of significant value in the analysis and design of continuous- 
time and discrete- time feedback systems. 



11,1 LINEAR FEEDBACK SYSTEMS 



lhe general configuration of a continuous-time LT1 feedback system is shown in Fig- 
ure 1 1.3(a) and that of a discrete-time LT1 feedback system in Figure 113{b) Becau^ of 
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Figure T T .3 Basis feedback system 
configurations in (a) continuous time 
and (b) discrete time. 
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the typical applications in which feedback is utilized, it is natural to restrict the systems in 
these figures to be causal. This will be our assumption throughout the chapter. In that case, 
the system functions in Figure 11.3 can be interpreted either as unilateral or as bilateral 
transforms, and, as a consequence of causality, the ROC's associated with them will always 
be to the right of the rightmost pole for Laplace transforms and outside the outermost pole 
for x- transform &. 

It should also be noted that the convention used m Figure U.3(a) h that rtf\ the 
signal fed back, is subtracted from the input x{t) to form e(t). The identical convention 
is adopted in discrete lime. Historically, this, convention arose in tracking -system applica- 
tions, where jt(r) represented a desired command and e(t) represented the error between 
the command and the actual response r(t). This was the case, for example, in our discus- 
sion of the pointing of a telescope. In more general feedback systems, fit; and e[n]> the 
discrete-time counterpart nf ^(r), may not correspond to or be directly interprelable as error 
signals. 

The system function H(x) in Figure 1 1 3(a) wr H<j) m Figure 1 1 3(b) is referred to 
as the system function &f the forward path and G(s) or G(z) as the system function of the 
feedback path. The system function of the overall system of Figure 11.3(a) or (b) ts referred 
to as the vlosed-loop system function and will be denoted hy Q(s) or Q(z). In Sections 9.8. 1 
antl 10.8 1 , we deri ved expressions for the system functions of feedback interc onnec lions 
of LT1 systems. Applying these results to the feedback systems of Figure 1 1 .3, we obtain 

Equations (11.1) and U 1 .2) represent the fundamental equations for the study of LTI feed- 
back systems. In the following sections* we use these equations as the basis for gaining 
insight into the properties of feedback systems and for developing several tools for their 
analysis. 

1 1.2 SOME APPLICATIONS AND CONSEQUENCES OF FEEDBACK 

In the introduction, we provided a brief, intuitive look at some of the properties and uses 
of feedback systems. In this section, we examine a number of the characteristics and ap- 
plications of feedback in somewhat more quantitative terms, using the basic feedback 
equations {11,1} and (1 1 .2) as a starting point. Our purpose is to provide an introduction 
to and an appreciation for the applications of feedback, rather than to develop an^ of these 
applications in detail. In the sections that follow, we focus in more depth on several specific 
techniques for analyzing feedback systems that arc useful in a wide range of problems, 
including many of the applications that we are about to describe. 

1 1 .2. 1 Inverse System Design 

In some applications, one would like to synthesize the inverse of a given continuous- time 
system. Suppose that this system has system function ?(j), and consider the feedback 
system shown in Figure U.4. Applyingequaiion (11.1) with//G?) = K and C{s) = f\s\ 
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we find that the closed-loop system function is 
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1 + KP(s) 

If The gain tf is sufficiently large so that Jf /*(*) ^> 1, then 
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■ 1 1 .4) 



in which case the feedback system approximates the inverse of the system with system 
function P(s). 

It is important to note That the result in eq. (U r 4) requires that the gain K be suffi- 
ciently high, but is otherwise not dependent on the precise value of the gain. Operational 
amplifiers arc one class of devices that provide this kind of gain and are widely used in 
feedback systems. One common application of the inversion inherent in eq (11 4) is in the 
implementation of integrators. A capacitor has the property that its current is proportional 
to the derivative of the voltage By inserting a capacitor in the feedback path around an 
operational amplifier, the differentiation property of the capacitor is inverted id provide 
integration. This specific application is explored in more detail in Problems 11.50-1 1.52. 

Although our discussion is for the most part restricted to linear systems, it is worth 
pointing out that this same hasic approach is commonly used in inverting ? nonlinearily. 
Fur example, systems for which the output is the logarithm of the input are commonly im- 
plemented by utilizing the exponential current- voltage characteristics uf a diode as feed- 
back around an operational amplifier. This is explored in more detail in Problem 1 1 53. 



T f .2.2 Compensation for Non ideal Elements 

Another common use of feedback is to correct for some of the nonideal properties or the 
open-loop system. For example, feedback is often used in the design of amplifiers to pro- 
vide constant-gain amplification in a given frequency band T and in fact, it is this applica- 
tion, pioneered by H. 5. Black at Bell Telephone Laboratories in the 1920s, that is generally 
considered to have been the catalyst for the development of feedback control as a practical 
and useful system design methodology. 

Specifically, consider an open-bop frequency response Hijw) which prov ides am- 
plification over the specified frequency band, but which is not ennstant over that range. 
For example, operational amplifiers or the vacuum tube amplifiers of concern to Black and 
his colleagues typically provide considerable, but not precisely controlled, amplification 
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While such devices can provide raw amplification levels of several orders of magnitude, 
the price one pays for this includes uncertain levels of amplification that can fluctuate 
with frequency time, temperature, etc , and that can also introduce unwanted phase and 
nonlinear distortions What Black proposed was placing such a powerful* but uncertain and 
erratic, amplifier in a feedback loop as in Figure 1 1.3(a) with G($) chosen to be constant, 
i.e., O(s) = K, In this case, the closed-loop frequency response is 

1 -+ KH(juf) 
If, over the specified frequency range, 

\KH(ju)\ ^> l r (11,6) 

then 

Qij<o)= =. (11.7) 

li 

That is, the ckKed-luop frequency response is constant, as desired. This of course assumes 
that the system in the feedback path can be designed so that its frequency response G{joj) 
has a constant gain K over the desired frequency band, which is precisely what vre assumed 
we could not ensure for //(/*>), The difference between the requirement on H[ju>) and that 
on G(jf<w), however, is that H(jt&) must provide amplification, whereas, from eq. 1 .7). 
we see that for the overall closed-loop system to provide a gain greater than unity, K must 
be Jess than 1. That is, G(jb)) must be an attenuator over the specified range of frequencies. 
In general, an attenuator with approximately fiat frequency characteristics is considerably 
easier to realize than an amplifier with approximately flat frequency response (since an 
attenuator can be constructed from passive elements). 

The use of feedback to flatten the frequency response incurs some cost, however, 
and it is this fact that led to the considerable skepticism with which Black's idea was met. 
In particular, from eqs. (11.6) and (117), we see that 

\H(Jw)\ ^ I-£(y w ), (ii,g) 

so that the closed-loop gain \/K will be substantially less than the open -loop gain |H(/w)|. 
This apparently significant loss of gain, attributable to what Black referred to as degen- 
erative or negative feedback, was initially viewed as a serious weakness in his negative- 
feedback amplifier. Indeed, the effeci had been known for many years and had led to 
the conviction that negative feedback was not a particularly useful mechanism. However, 
Black pointed out that what one gave up in overall gain was often more than offset by the 
reduced sensitivity of the overall closed-loop amplifier: The closed-loop system function 
is essentially equal to eq . ( 1 1 .7), independently of variations in H i jta >, as long a s | H { j to ) | 
is large enough. Thus, if the open-loop amplifier is initially designed w;th considerably 
more gain than is actually needed, the closed-loop amplifier will provide the desired lev- 
els of amplification with greatly reduced sensitivity. This concept and its application to 
extending the bandwidth of an amplifier are explored in Problem 1 1.49. 
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1 1.2.3 Stabilization of Unstable Systems 

As mentioned in the introduction, one use of feedback systems is to stabilize systems that, 
without feedback, are unstable. Examples of this kind of application, include the control of 
the trajectory of a rocket, the regulation of nuclear reactions in a nuclear power plant, the 
stabilization of an aircraft, and the natural and regulatory control of animal populations. 

To illustrate how feedback can be used to stabilise an unstable system, let us consider 
a simple first-order continuous -time system with 

s — a 

With a > 0, the system is unstable. Choosing the system function G(s) to be a constant 
gain A\ we see that the closed-loop system function in eq. (1 1.1) becomes 



b 
s-ti+ Kb' 



(11J0) 



The closed-loop system w>\\ be stable if the pole is moved into the left half of the v-planc. 
This will be the case if 

K> y. (11.11) 

Thus, we can stabilize the system with a constant gain in the feedback loop if that gain is 
chosen to satisfy eq. ( 1 1 .1 1 ), This type of feedback system is referred to as a proportional 
feedback system* since the signal that is fed back is proportional to the output oi the system. 
As another example, consider the second-order system 






ms) = ^-> (11,12) 



If a > 0, the system is an oscillator (i.e., H(s) has its poles on the Jot-axis), and the impulse 
response of the system is sinusoidal, Ff a < 0. H(s) has one pole in the left-half plane 
and one in the right-half plane. Thus, in eiiber case, the system is unstable, [n fact, as 
considered in Problem 1 1 .56, the system function given in eq. ( 11, 12) with a < can be 
used to model the dynamic? of the inverted pendulum described in the introduction. 

Let us first consider the use of proportional feedback for this second-order system; 
that is, wc take 

G(.\) = K. ,(11.13) 

Substituting into eq r (1 1 .1 ) T we obtain 
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In our discussion of second-order systems in Chapter G> we considered a transfer function 
of the form 

w " (11.15) 



s 2 + 2£ti> n s + wj 



For such a system to be stable, &„ must be real and positive (i.e., ojj; > 0), and £ must 
be positive (corresponding to positive damping). Fromeqs. (J 1.14) and (11.15}, it follows 
that with proportional feedback we can only influence the value of wj ( and consequently, 
we cannot stabilize the system becanse we cannot introduce any damping. To suggest a 
type of feedback that can be used to stabilize this system* recall the mass-spring-dashpot 
mechanical system described in our examination of second-order systems in Section 6.5.2. 
We saw that damping in mat system was the result of the inclusion of a dashpot, which 
provided a restoring force proportional to the velocity of the mass. This suggests that we 
consider proportwnai-plus-deri\>ative feedback, that is, a G{s) of the form 

G(i) = K\ +K 2 s, (11T6) 

which yields 

Qte) -= -t— * 7 ;■ OKI 7) 

w s 1 + bKys +(a + Kib) 

The closed -loop poles will be in the left-halt plane, and hence, the closed-loop system will 
be stable as long as we choose K\ and K 2 to guarantee thai 

bK 2 >0. a +A r i/>>0. (11.18) 

The preceding discussion illustrates how feedback can be uied to stabilize contin- 
uous-time systems. The stabilization of unstable systems is an important application of 
feedback for discrete-time systems as well. Examples of discrete-time systems that are 
unstable in the absence of feedback are models of population growth. To illustrate how 
feedback can prevent the unimpeded growth of populations, let us consider a simple model 
for the evolution of the population of asingle species of animal Let v[ri\ denote the number 
of animals in Lhe nth generation, and assume that without the presence of any impeding 
influences, the birthrate is such that the population would double each generation, in this 
case, the basic equation for the population dynamics of the species is 

\[n] - 2y[n- 1] + e\n] t (11.19) 

where e[n] represents anv additions, to or deletions from the population that aie caused by 
external influences. 

This population model is obviously unstable, with an impulse response that 3 rows 
exponentially However, in anj ecological system, there are a number of factors that will 
inhibit the growth of a population. For example, limits on the food suppl j for the species 
will manifest themselves through a reduction in population growth when the'number ol 
animals becomes large. Similarly, if the species has natural enemies, it is often reasonable 
to assume that the population of the predators will grow when the population of the prey 
increases and, consequently, thai the presence of natural enemies will retard population 
growth. In addition to natural influences such as these, there may be effects introduced by 



Sec. 11.2 SorreAppl-cations and Consequences of Feedback 



82 S 



humans that arc aimed at population control. For example, the food supply or the predator 
population may fall under human regulation In addition, stocking lakes with fish or im- 
porting animals from otherareas can be used to promote growth, and the control of hunting 
or fishing can also provide a regulative effect. Because all of these influences depend nn 
the size of the population (either naturally or by design), they represent feedback effects. 
Based on the preceding discussion, we can separate e[n] into two parts by means of 
the equation 



e[n] = i[n] - r\rt\ r 



til 20) 



where r[n\ represents the effect of the regulative influences described in the previous para- 
graph and x[n] incorporates any other external effects, such as the migration of animals 
or natural disasters or disease. Note that we have included a minus sign in eq. (11 .20), 
This is consistent with our convention of using negative feedback, and here it also has the 
physical interpretation that, since the uninhihited growth of the population is unstable, the 
feedback lerm plays the role of a retarding influence. To see how the population can be 
controlled by the presence or this feedback term, suppose that the regulative influencesac- 
coum for the depiction of a fixed proportion of the population in each generation. Since, 
according to our model, the surviving Traction of each generation will double in size, it 
follows that 



y\n] = 2(1 - $)y[n - I] + x[n]. 
Comparing eq, (11,21) with eqs. (11 ,19) and (11. 20), we see that 

r[n] = 2fiy\n- If 



(11.21) 



(11.22) 



The factor of 2 here represents the fact that the depletion of the present population de- 
creases the number of births in the next generation 

This example of the use of feedback is illustrated in Figure 1 1.5. Here, the system 
function of the forward path is obtained from eq, (11,19) as 



H(Z) = 



1 



l-2z" 1 ' 
while from eq r (1 1.22) the system function of the feedback path is 



(11.23) 
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Figure 1 1 .5 Block diagram of a 
simple feedback model ot population 
dynamics. 
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Consequently, the closed-loop system function is 

If # < 1/2. the closed-loop system is still unstable, whereas n ts stable 1 if 1/2 < f$ < 3/2. 

Clearly 1 this example of population growth and control is extremely simplified. For 
instance, the feedback model of eq, < [ 1,22) does not account for the fact that the pan of 
r[n] which is due to the presence of natural enemies depends upon the population of the 
predators, which in turn has its own growth dynamics. Such effects can be incorporated 
by making the feedback model more complex to reflect the presence of other dynamics 
in an ecological system, and the resulting models for the evolution of interacting species 
are extremely important in ecological studies. However, even without the incorporation 
of these effects, the simple model that we have described here does illustrate the basic 
ideas of how feedback: can prevent both the unlimited proliferation of a species and its 
extinction. In particular, we can see at an elementary level how human-induced factors 
can be used. For example, if a natural disaster or an increase in the population of natural 
enemies causes a drastic decrease in the population of a species, a tightening of limits 
on hunting or fishing and accelerated efforts to increase the population can be used to 
decrease ;G in order to destabilize the system to allow for rapid growth, until a ncimial-size 
population is again attained. 

Note also that for this type of problem, it is not usually the case that one wants 
strict stability. If the regulating influences are such that £ =^1/2, and if all other external 
influences are zero (i.e. T if x[n\ = 0),then y[n] = y[n - 1]. Therefore, as long as x\n] is 
small and averages to zero over several generations, a value of fi = 1/2 will Tesult in an 
essentially constant population. However, for this value of £ the system is unstable, since 
eq» ( 1 1 .2 1 ) then reduces to 

v[«] = y[n - 1| + *[n]. {1126) 

That is, the system is equivalent to an accumulator. Thus, if x[n] is a unit step, the output 
grows without bound. Consequently, if a steady trend is expected in x[nl caused, for 
example, by a migration of animals into a region, a value of £ > 1/2 would need to be 
used to stabilize the system and thus to keep the population within bounds and maintain 
an ecological balance. 

1 1.2.4 Sampled-Data Feedback Systems 

In addition to dealing with problems such as the one just described, discrete-time feedback 
techniques are of great importance in a wide variety of applications involving continuuus- 
time systems. The flexibility of digital systems has made the implementation of sampled 
dam feedback systems an extremely attractive option. In such a system, the output of a 
continuous-time system is sampled, some processing is done on the resulting sequence 
of samples, and a discrete sequence of feedback commands is generated. Thii sequence 



'Although in die context of utir population example, £ uuuld never exceed unity, vince £ .-- L corre- 
sponds to removing more than 100% nf the population 
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is then converted to a continuous-time signal that is fed back to and subtracted from the 
external input to produce the actual input to the continue us- time system. 

Clearly, the constraint of causality on feedback systems imposes a restriction on the 
process of converting the discrete-time feedback signal to a continuous-time signal (e,g„ 
ideal Ivjwpass filtering or any noncausal approximation of it is not allowed). One of the 
most widely used conversion ^ysterns is the zero-order hoid {introduced in Sectiou 7 1 .2). 
The structure of a sarnpled-data feedback system involving a zero-order hold is depicted m 
Figure 1 1 6(a), In the figure, we have a continuous-time LTI system with system function 
H{s) that is samplod to produce a discrete-time sequence 



Pin] = y*nT). 



tun) 



The sequence p[n] is then processed by u di*crete-time LTI system with system 
function O(z), and the resulting output is put through a zero-order hold tti produce the 
continuous-time signal 



Z{t) = d[n] for tiT ^ t < (« + i)T 
This 4ign«d is subtracted from the external input x{t) to produce e{t). 



(11.28) 
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Figure 1 K6 (a) A sampled-data feedback system using a zero-order hold; 
(b) equivalent discrete-time system. 
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Suppose also lhat x(t) is constant over intervals of length 7. That is, 

jv(f) = rr«l for nT ^ t<(n+ \)T, (\ 1 .29) 

where r[n] ii a discrete-time sequence. This is an approximation that is usually valid in 
practice, as the sampling rate is typically fast enough so that x(t) does not change appre- 
ciably over intervals of length T. Furthermore, in many applications, the external input is 
i;self actually generated by applying a zero-order hold operation to a discrete sequence. 
For example, in systems such as advanced aircraft, the external inputs represent human 
cperator commands that arc themselves first processed digitally and then converted back 
to continuous -time input signals. Because the zero-urder hold is a linear operation, the 
feedback system of Figure 1 1.6(a) when xtl) is given by eq. (11,29) is equivalent to the 
system of Figure 11 .6(b). 

As shown in Problem II 60, the discrete-time system with input e[n\ and output 
p[n] is an LT1 system with sysiem function F(z) that is related to the continuous- lime 
system function //(s) by means of a step-invariant transformation. Thai is. if .v(i) is the 
step response of the continuous-time system, then the step response q\n\ of the discrete- 
trme system consists of equally spaced samples of 5(0. Mathematically, 

^[n] = i(«r> for all n. (1 1..M) 

Once we have determined F(z)> we have a completely discrete- time feedback system 
model (Figure 11.6(b)) exactly capturing the behavior of the continuous -time feedback 
system (Figure 11.6(a)) at the sampling instants t = nT, and we can then consider de- 
igning the feedback system function G(^) to achieve our desired objectives. An example 
of designing such a sampled- data feedback system to stabilize an unstable continuous-time 
system is examined in detail in Problem 1 1-60, 

1 1 -2.5 Tracking Systems 

As mentioned in Section 11.0, one of the important applications of feedback is in the 
design of systems in which the objective is to have the output track or follow the input- 
There is a broad range of problems in which tracking is an important component. For 
example, the telescope-pointing problem discussed in Section 11.0 is a tracking problem: 
The feedback system of Figures 11.1(c) and (d)has as its input the desired pointing angle, 
and the purpose of the feedback loop is to provide a mechanism for driving the telescope 
to follow the input. In airplane autopilots the input is the desired flight path of the vehicle, 
and the autopilot feedback system uses the aircraft control surfaces (rudder, ailerons, and 
elevator) and thrust control in order to keep the aircraft on the prescribed course. 

To illustrate some of the issues that arise in the design of tracking systems, con- 
sider the discrete-time feedback system depicted in Figure 1 1 7(a). The examination t>f 
discrete-time tracking systems of this form often arises in analyzing the characteristics of 
sampkd-daia tracking systems for continuous-time applications. One example of such a 
system is a digital autopilot. In Figure 11.7(a), H r {z) denotes the system function of the 
system whose output is to he controlled. This system is often referred to as the plant, a. term 
that can be traced to applications such as the control of power plants, heating systems, and 
chemical-processing plants- The system function H L {z) represents a compensator, which 
is the element to be designed Here, the input to the compensator is ihe tracking error — 



Sec, 11,2 Some Applications and Consequences of Fe«dbacfc 



829 




r*- H p [z) 



i&) 



-VE"! 



[n] £(+) 



In] 


h c ;d 




IV*) 






t * 














■ ■ 



{b) 



-(+y+ <Un] 



Figure 11.7 (a) Discrete-time 

tracking system; (b) tracking sys- 
tem of (a) with a disturbance d[n] m 
the feedback path accountirg for the 
presence of measurement errors 



that is T the difference e[n] between the input x[ri] and the output y[n]> The output of the 
compensator is the input to the plant (for example, the actual voltage applied to the motor 
in the feedback system of Figures 1 1 .1(c) and (d) or the actual physical input to the drive 
system of the rudder of an aircraft). 

To simplify notation Jet H{z) = H. L {z)H p i,z). In thiscase t the application of eq (11 2) 
yields the relationship 



Also, since T(;) = H(z)E{z\ it follows thai 

1 



E(z) = 
or, specializing to z =■ *j j *\ we cbtain 

E(e Jb> ) = 



1 + H(z) 



1 



1 + H(eJ») 



X(Z). 



X(e^l 



{M..n) 



(11.32) 



(11-13) 



Equation (11 33) provides us with some insight into the design of tracking systems. Specif- 
ically, for good tracking performance, we would like e[ri] or, equivalent y T Ele* 1 *) to be 
small. That is T 



1 



1 + H{ew i 



rXie^'^Q. 



(II 34) 



Consequently, for that Tange of frequencies for which Y(^ JW ) is nonzero, we would like 
\H(e JUf )\ to be large. Thus, we have one of the fundamental principles of feedback system 
design: Good tracking performance requires a large gain. This desire for a Large gain, 
however, must typically be tempered, for several reasons. One reason is that if the gain 
is too large, the closed-loop system may have undesirable characteristics i such ds ujoliule 
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damping) or might in fact become unstable. This possibility is discussed in the next section 
and is also addressed by the methods developed in subsequent sections. 

In addition to the issue of stability, there are other reasons for wanting to limit the gain 
in a tracking system. For example, in implementing such a system, we must measure the 
output v[n] in order to compare it to the command input x[ti\* and any measuring device 
used will have inaccuracies and error sources (such as thermal noise in the electronic* 
of the device}. In Figure 1 1.7(b), we have included these error sources in the form of a 
disturbance input d[n] in the feedback loop, Sosne simple system function algebra yields 
the following relationship between Y\z) and the transforms X{z) nivi D(zl vf x[n] andd[n\: 



ru) = 



X{z) 



u+Htzy 



"^W 



U+ff(ri 



(11.35) 



From this expression, we see that in order to minimize the influence of d[n] un y[n], we 
would like Hlz) to be small so that the second term on the right-hand side of eq. (11.35) 
is srnalL 

From the preceding development, we see that the goals of tracking and nf minimiz- 
ing the effect of measurement errors are conflicting, and one must take this into account in 
coming up with an acceptable system design. In general, the design depends on more de- 
tailed information concerning the characteristics of the input x[n\ and the disturbance ^[«]- 
For example, m many applications x\n] has a significant amount of its energy concentrated 
at low frequencies, while measurement error sources such as thermal noise have a great 
deal of energy at high frequencies. Consequently, one usually designs the compensator 
H±(z) so that |tf(e^ rJ )| is large at low frequencies and is small for w near ±tt. 

There are a variety of other issues that one must consider in designing tracking sys- 
tems, such as the presence of disturbances at other points in the feedback loop. (For exam- 
ple, the effect of wind on the motion of an aircraft must be taken into account in designing 
an autopilot.) The methods of feedback system analysis introduced in this chapter provide 
the necessary tools For examining each of these issues. In Problem 11.57, we use some 
of these tools to investigate several other aspects of the problem of designing tracking 
systems. 

1 1.2.6 DestabiJtzation Caused by Feedback 

As well as having many applications, feedback can have undesirable effects and can in 
fact cause instability. For example, consider the telescope- pointing system illustrated in 
Figure 11.1. From the discussion in the preceding section, we know that it would be de- 
sirable to have a large amplifier gain in order to achieve good performance in tracking the 
desired pointing angle. On the other hand, as we increase the gain, we are likely n> obtain 
faster tracking response at the expense of a reduction in system damping, resulting in sig- 
nificant overshoot and ringing in response to changes in the desired angle. Furthermore, 
instability can result if the gain is increased too much. 

Another common example of the possible destabilizing effect of feedback is feed- 
back in audio systems. Consider the situation depicted in Figure ll.S(a). Here, a loud- 
speaker produces an audio signal that is an amplified version of the sounds picked up by a 
microphone. Note that in addition to other audio inputs, the sound coming from the speaker 
itself may be sensed by the microphone. How strong this particular signal is depends upon 
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the distance between the speaker and the microphone. Specifically, because of the attenu- 
ating properties of air, the strength of the signaJ reaching the microphone from die speaker 
decreases as the distance between the speaker and the microphone increases. In addition, 
due to the finite speed of propagation of sound waves, there is time delay between the 
signal produced by the speaker and that sensed by the microphone. 

Th L s audio feedback sys.tem is represented in block diagram form in Figure 1 ] 8(b). 
Here, the constant K 2 in the feedback path represents the attenuation, and T is the prop- 
agation delay. The constant K t is the amplifier gam. Also, note that the output from the 
feedback path is added to the external input. This is an example of positive feedback As 
discussed at the beginning of the section, the use of a negative sign in the definition of 
the basic feedback system of Figure 1 1.3 is purely conventional, and positive und nega- 
tive feedback systems can be analyzed using the same tools. For example, as il -unrated n\ 
Figure 1 1 8(c), the feedback system of Figure 1 1 .8(b) can be written as a negaiive ft.-etjbjt.-k 
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system by adding a minus sign to the feedback-path system function. From this figure and 
from eq. ( 1 1 . 1 ), we can determine the closed-loop system function. 

Later we will return to this example* and, using a technique that we will develop in 
Section 11 .3, we will show that rtve system of Figure 1 LS is unstable if 

K ] K 2 >1. £1137) 

Since the attenuation due to the propagation of sound through the air decreases (i,e., K2 
increases) as the distance between the speaker and the microphone decreases, if the mi- 
crophone is placed too close to the speaker, so that eq, (1 1.37) is satisfied, the system will 
be unstable. The result oi this instability is an excessive amplification and distortion of 
audio signals. 

It is interesting to note that positive, or what Black referred to as regenerative, feed- 
back had also been known for some time before he invented his negative feedback am- 
plifier and, ironically, had been viewed as a very useful mechanism (in contrast to the 
skeptical view of negative feedback). Indeed, positive feedback can be useful. For exam- 
ple, it was already known in the 1 920s that the destabilizing inil uence of positive feedback 
could be used to generate oscillating signals. This use of positive feedback is illustrated in 
Problem II. 54, 

In this section, we have described a number of the applications of feedback. These 
and others, such as the use of feedback in the implementation of recursive discrete-time 
filters (see Problem. 11.55). are considered in more detail in the problems at the end of the 
chapter. From our examination of the uses of feedback and the possible stabilizing and 
destabilizing effects that it can have, it is clear that some care must be taken in designing 
and analyzing feedback systems to ensure that the closed-loop system behaves in a desir- 
able fashion. Specifically, in Sections 1 1.2.3 and ] 1.2.6, we have seen several examples 
of feedback systems in which the characteristics of the closed-loop system can be signif- 
icantly altered by changing the values of one or two parameters m the feedback system. 
In the remaining sections of this chapter, we develop several techniques for analyzing the 
effect of changes in such parameters on the closed-loop system and for designing sy stems 
to meet desired objectives such as stability, adequate damping, etc. 

1 1 .3 ROOT-LOCUS ANALYSIS OF LINEAR FEEDBACK SYSTEMS 

As we have seen in a number of the examples and applications we have discussed, a 
useful type of feedback system is that in which the system has an adjustable gain K as- 
sociated with il. As this gain is varied, it is of interest to examine how the poles of the 
closed-lot>p system change, since the locations of these poles tell us a great deai about the 
behavior of the system. For example, in stabilizing an unstable system, the adjustable gain 
is used to move the poles into the left-half plane for a *:ontiinious-tini& system or inside 
the unit circle for a discrete-time sysiem. In addition, in Problem 11,49, we show that 
feedback can be used to broaden the bandwidth of a first-order system by moving the pole 
so as to decrease the time eonstamof the system. Furthermore, just as feedback can be used 
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to relocate the poles to improve *ysrem performance, as wc saw in Section 11 2.6 H there 
is the potential danger that with an improper choice cf feedback a stable system can be 
destabilized, which is usually undesirable. 

[n this section, we discuss a particular method tor examining the locus (Le T the path) 
in the complex plane of the poles of the dosed-loop system as an adjustable gain is varied. 
The procedure, referred to as the mot- locus method, is a graphical technique for p totting 
the closed-loop poles of a rational syticm function Q(s) or Q{z) as a function [ >f the value 
uf the .gain. The technique wtirks In an identical manner for buLh continuous-time and 
discrete-time systems. 

! T .3.1 An introductory Example 

To illustrate the basic nature of the root- lotus method for analyzing a feedback system, let 
us reexamine the discrete- time example censidered in the preceding sect run and specified 

by the system functions 

and 

fcq. (11.24)1 G{z) - 20; ' - 2 A (11.39) 



where fi now is viewed as an adjustable gain. Then, as we noted earlier, the closed-loop 
system function is 

In this example, it is Mraightforward to identify the closed-loop pole as being located at 
z = 2(1 - /3). In Figure lL9(a), wc have plotted the locus arthepole for the system as £ 
varies from (I to +». In pan (b) of the figure, we have plotted the locus as fi varies from 
to -«>. In each plot, we have indicated the point z = 2 r which -is the open -loop pole [i.e., 
il is the pole of Q{z) for £ *=■ 0). As £ increases from Q, the pole moves to the left of the 
point z — 2 along the reai axis, and we have indicated this by including an arrow on the 
thick line to show how the pole changes as /S is increased. Similarly, for j3 < 0, the pole of 
Q(z) moves lo the right of z = 2, and the direction of the arrow in Figure 11 9(b) indicates 
how the pole changes as the magnitude of p increases. Fo- V2 < $ < 3/2, the pole lies 
inside the unit circle, and thus, the system is stable. 

As a second example, consider a continuous- time feedback system with 

HW= ^ 01-41) 

and 

G(j) = ?£ (1142) 

where fi again represents the adjustable gain. Since H{s) and G{s) in this example are 
algebraically identical to H{z) and G{z), respectively, in the preceding example, the same 
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will be true for the closed-loop system function 



J- 2(1- 0) 



{ 11-43) 



vis-a-vis Q{z), and the locus of the pole as a function of £ will be identical to ttie lotus in 
thai example 

The relationship between these two examples stresses the fact that the locus of 
the poles is determined by the algebraic expressions for the system functions of the for- 
ward and feedback paths arid is not inherently associated with whether the system is a 
continuous-time or discrete-time system. However, the interpretation of the result is inti- 
mately connected with its continuous-time cr discrete-ttme context. In the discrete-time 
case n is the location of the poles in relation to the unit circle that is important whereas 
in the continuous -time case it is their location in relation to the imaginary axi^. Thus, 
as we hase seen for the discrete-time example in eq. ill ,40), the system is stable for 
Ml < fi < y% while the continuous-time system rf eq. ( 1 1 »43) is stable for £ > 1 - 



1 1 ,3.2 Equation for the Closed-Loop Poles 

In the simple example considered in the previous section the root lotus was easy io plot h 
since we could first explicitly determine the closed-loop pole as a function of the gain 
parameter and then plot the location of the pole as we changed the gain. For more complex 
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systems, one cannot expect to find suchMmple closed-form expressions forthe closed-loop 
poles. However, it is still possible to sketch accurately the locni of the poles as the vjlue 
of the gain parameter is varied f rem -»to +=s without actually solving for the location of 
the poles for any specific value of the gain This tech niquef or determining the root locus is 
extremely useful in gaining insight into the characteristics of a feedback system. Also, as 
we develop the method, we will see that once we have determined the root lucus- there is a 
relatively straightforward procedure for determining the value of the gain parameter that 
produces a closed-loop pole at any specified location along the root locus. We will phrase 
our discussion in terms of the Laplace transform variable j s with the understanding that it 
applies equally well to the discrete-time case. 

Consider a modification of the bask feedback system of Figure 11.3(a), where either 
G{s] or H { s ) i s cascaded with an adjustable gai n K. TTus is il 1 ustrated in Figure 1 1 , 1 0. In ei- 
ther of these cases, the denominator of the closed-loop system function is 1 + KG{s)H \ s). 2 
Therefore, the equation foi the poles of the closed-loop system are the solutions of the 
equation 



1 + KG{s)H{s) - 0. 



(IL44) 
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Figure 1 i.io Feedback systems 
containing an adjustable gain 1 (a) sys- 
tem in which the gain is located in the 
forward patti, (b) system with the qain 
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'In the folding discussion, we assume Ibi simplicity (hat ihcrc is no poie-zero ediiLdlatum id the 
pmduci G(s}H{s) The pn&entc vf such pole-?«o can^llatiiins does not cause any real difficulties. and ihc 
procedure we will uutlint- here is easily c Mended to that ease I Problem M.32). It) fact, the simple example at 
(he <;rar( uflhi* vcelion h^ r I ] 41) and i L I 42 )J ttors involve a pole-7ei« tancclldlion, at i = 
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Rewriting eq. (1 L44), we obtain the basic equation determining the closed-loop poles: 

G(W) = -i (11.45) 

A 

The technique for plotting the root locus is based on the properties of this equation and its 
solutions. In the remainder rf this .section, we will discuss some of these properties and 
indicate how they can be exploited in determining the root locus. 

f 7 .3.3 The End Points of the Root Locus: The Closed-Loop 
Poles for K = and |K| = +» 

Perhaps the most immediate observation that one can make about the mot locus is that 
obtained by examining eq. (11,45) for K = (J and K\ = =c. For K = 0, the solution of 
rhis equation muit yiekl the poles of Gis)HO) r since ]/K = a>. To illustrate, recall the 
example given by eqs, (11-41) and (11.4-2), It we let fi play the rule of K, we see that 
eq. (1 1.45) becomes 

Therefore, for /3 = 0, the pole of the system will be located at tfie pole of 2/(j — 2) {i.e., 
at x = 2), which agrees with what we depicted in Figure 1 1 9. 

Suppose now that[Al = =. Then UK = 0, so that the solutions of eq (11.45) must 
approach the zeros of C(.\)H(i). If the order of the numerator of G(s)His) is smaller than 
that of the denominator, then some of these zeros, equal in number to the difference in 
order between the denominator and numerator will be at infinity. 

Referring again to eq. (11.46), since ihe order of the denominator of 2f[$ — 2) is I, 
while the order of the numerator is zero, we conclude that in this e*ample there is one 
zero at infinity and no zeros in the finite j-plane Thus, *xs |^3 1 — > = K , the closed- loop pole 
approaches infinity. Again, this agrees with F:gure 11.9, in which the magnitude of the 
pole increases without bound as |jB| -* = for e:thcr fi > or /3 < 0. 

While the foregoing observations" provide us with basic information as to the closed- 
loop pole locations for the extreme values of K b the following result is the key to our being 
able to plot the root locus without actually solving for the closed-loop poles as explicit 
functions of the gain. 

T 1.3.4 The Angle Criterion 

Consider again eq. (11.45), Since the right-hand side of this equation is real, a point s v 
can be a closed-loop pole only if the 3 eft-hand side of the equation, i.e.,G(sf})H(SQ), is also 
real .Writing 

GiA)W(so) = |Gfa,)tf<i<i)| e'+v^ww {UA1} 

we sec that, for G(su)Hisb) to be real, it must be true that 
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That is, for i tJ to be a closed' loop pole, we must have 

<G ■;$[)) W (jo) *= integer multiple of tt. (11.49) 

Returning to eq (11 .46), we see immediately that in order for 2/(j<] - 2) to be real, 
il is necessary thai vi be real. For more complex system functions, it is nut a& easy to 
determine the values of s<> for which G {s\t) H {su) is real. However, as we w.ll sec, the use 
of the angle criterion given by eq. (1 1 .49), together with the geometric method described 
in Chapter 10 for evaluating <G(jo)# {Jo)» greatly facilitates the determi nation of the 
root locus 

The angle criterion given by eq ( H .49) provides us with a direct method for deter- 
mining whether a point sj t could be a closed-loop pole for some value of the gain K. A 
further examination of eq, (11.45) gives us a way in which to calculate the value of the 
gam corresponding to any point on the root locus. Specifically, suppose that ^ satisfies 

<G{sr i )H{st i ) = odd multiple of ir. (11.50) 

Thenf^^"^ = -1 T and from cq. (1 1.47) we see that 

G{su)Hisu)= -\G{so)H{s tt )\. (11-51) 

Substituting eq. (1 1 .5 1 ) into eq ( 1 1 45) t we find that if 

K = , r , (11.52) 

|CO- )tf(J n )| 

then in is a solution of the equation, and hence a closed- loop pole. 
Similarly, il" j^ satisfies the condition 

<G(j[))/7(ju> = even multiple of it, (11.53) 

then 

G(SQ\H{s t .) - |CUa)//{j )|. (1L54) 

Thus, if 

K = - r - -7, (11.55) 



then so in a solution of eq. (11.45) and hence a-ctosed-loop pole. 

For the example given in eq. ( 1 1,46), if .^ is on the real line and s ti < 2, Then 

<(—^)= -v- 01-56) 

and from eq. ( 1 1 52)* the value of /J for which j H is the closed-loop pole is 

P - ri-r = ^- (11-S7) 
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That is, 

j = 2(1 - p), <1],5») 

which agrees with eq, ( 1 1 .43). 

Summarizing the last two observations that we have made, we see that the root locus 
far the closed-loop system, that is, the set of points in the cample* s-plane that are closed- 
loop poles for some value of K as K varies from —<& tu +<*>, are precisely those points that 
satisfy the angle condition of eq. (1 1.49), Furthermore: 



1. A point % for which 

<G(Jo)ff(.*o) = odd multiple of it (11.59) 

is on the root locus and is a closed-Loop pole for some value of K > 0, The value of 
the gain that makes su a closed-loop pole is given by eq. < 11.52), 

2, A point s'o for which 

<G (so) ft {sty) = even multiple of 7T (11 60) 

is on the root locus and is a closed-loop pole for some value of K < The value of 
the gain that makes so a closed-loop pole is given by eq_ ( 11 .55). 



Therefore, we have now reduced the problem of determining the root locus to that of 
searching for points that satisfy the angle requirements given by eqs. (11.59) and (11.60). 
These equations can be refined further to a set of properties that aid in sketching the root 
locus. Before discussing these properties, however, let us consider a simple example. 

Example 1 1 . 1 

Let 

s+ \ r + 2 

Recall that in Section 9.4 we discussed the geometric evaluation of Laplace transforms 
In that section, we saw that the angle of the rational Laplace transform 

flfr " ft) 

*"' (11.621 



t-i 

evaluated at some point jq Id the complex plane equals the sum. nf the angles of (he 
vectors front each of the zero? to s^ minus the sum of the angles from each of ihe polei 
to j<_ Applying fbi» to the product of G{s)H(j?}, where G<sf and His) are as given in 
eq. (1 1 fil),wc can determine geometrically there points in the i-plane (hat satisfy the 
angle criteria, eq&, (11.59) and (11.60), and therefore can sketch the root locus. 

In Figure 11.1 L we have plotted the poles cf Gi* )H{s ) and h a^e denoted \>y fl and 
4> the angles from each uf the poles to the point .v (J . Let us fir&( [«st tht' ar.gie criterion 
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Figure 1 1 . J T Geometric procedure for evaluating angle criterion in Exam- 
ple 111. 

far points % on the real axis. To begin with, the angle contribution from both pclei is 
zero when .y, is on the real axis to the right of - 1 . Thus, 

<<7{>y)//(j<j) ™ — 0-7T, j real and greuterthan — 1, (11.63) 

and by eq\ (11.6QX these points are on the root locus for - K < 0. For points between the 
two poles, the pole at - 1 contributes an angle of - tt, awl the pole at —2 contributes 0. 
Thus, 



<C(s Q )H(s f ) = ~TT, 



sa real, -2 < Jo < -1, 



(11.64) 



These pointa are na the locus for K" > 0, Finally, each pole contributes an angle of -fl* 
when.vy is rral and less lhan -2, so that 

<G(srr)/HV]) = -2-rr, j u real and less than -2. 

Therefore, these points aie on the locus for K < 0. 

Lei us now gamine points in the upper half of the j-plane. (Since the impulse 
responses are real- valued, the complex poles occur in conjugate pairs. Therefore, we 
can immediately determitte the poles i n the lower half-plane after we have examined the 
upper half) From Figure 11.11, the angle of G (sq)H (su) at the point * n is 

<G{j a )HUtv)= -(*+<£) (K.65) 

Also, it is clear that as j ranges over the upper half-plane (but not the real axis), we aave 

<& < 7T r < £ < it (1] .66) 

Thus, 

-2tt< <G(s)Hts)< 0, (1167) 

Therefore, we see immediately (hat no point in the upper half-plane can be on the Jocus 
for K < 1 since <G(s)J/(j) never equals an even multiple of it]. In addition, if s$ is to 
be on the locus- for K > 0. we must have 



*G(su)H(s ) = -(0 + <fr) = - Wt 



(1I.6S) 
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or 



8 = ir - <fi. 



(11.69) 



Examining the geometry of Figure ll.l 1, we see that this occurs only for Chose points 
located on ihe straight line that is parallel to the imaginary axis and that bisects the line 
joining the poles at —1 and —2. We have now examined the entire .s-plane and have 
determined all those point* on the root locus. In addition, we know that for K — 0. the 
closed-loop poles equal the poles of G{s)H {s\ and as \K\ — > <x >, the closed-loop poles 
go to the zeros of G{s)H{s\ which in this case are both at infinity. Putting these results 
together, we can draw the entire root locus, depicted in Figure 11.12. in which we have 
indicated the direction of increasing j£|. both for K > Oand fat K <. 0. 
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Figure li . 1 2 Root locus for Example 1 1 .1 , (a) K > 0; {b) K < 0. The 
poles of G(s)H{s) t which are located at s = -1 and s = -2, are indicated. 

Note from the figure that for K > there are two branches of the root locus and 
lhat the same is true for K < 0. The reason for the existence of two branches is thai 
in thi& example the closed-loop system is a second-order system and consequently has 
two poles for any specified value of K. Therefore, the root locus ha& two branches, each 
of which traces the location of one of the closed-loop poles as A' is varied, and for any 
particular value of K, there is one closed-loop pole on each branch, Aj>ain T if we wish to 
calculate the value of K for which a specific poinl j fl on the locus is a closed-loop pole T 
we cm use eqs. (11.52) and (11.55) 
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1 1 .3.5 Properties of the Root Locus 

Trie procedure outlined in the preceding .subsection provides us, in principle, with a method 
foi determining the root locus for any continuous-tune or discrete-time LT1 feedback sys- 
tem. That is, we simply determine, graphically or otherwise, all those points that satisfy 
eq. (11 .59) of eq. {\ 1 ,60) Fortunately, there are a number of other geometric properties 
concerning root loci that make the sketching of a locus far less tedious. To begin ovr dis- 
cussion of the^e prcperties, let us assume chat we have placed Gi$)H(x) in the standard 
foim 



■""■• a- t-y . :.•.•.•:: - *■ — • '»■-> 



n (•-»■) 

1=1 



where the /Vs denote the zero* and the a^s denote the poles. In general, these may be 
complex. Also, from eq. (11,70), we see that we are assuming that the leading coeffi- 
cient in both the numerator and the denominator of G{s)M(s) is +). This can always be 
achieved by dividing the numerator and denominator by the denominator coefficient of j" 
and absorbing the resulting numerator coefficient of s m into the gain K. For example, 

K ^.-^ 5 - * ,■*.;» = U W" V^ 01-71) 



W-+5S+2 J 2 + ^+ § W S 2+ ^+ i 

and the quantity f2/3)JC is then regarded as the overall gain that is varied in determining 
the root locus. 

We assume, in addition, that 

m ^ n t (11.72) 

whi^h is the case that is usually encountered in practice, (Problem 1 1,33 considers the case 
m > n.) The following are some properties that include earlier observations and that aid 
in sketching the root locus. 



Property 1: For K =- 0, the solutions of eq. (11.45) are the poles of G[s)HUl Since 
we are assuming n poles, the root locus has n branches, each one starting (for K = 0) 
at j pole of G(s)H(s). 



Property I includes the general version of a fact which we noted in Example 11.1: that 
there is one branch of the root locus for each closed-loop pole. The next property is also 
simply a restatement of one of our earlier observations. 



Property 2: As |Jf | — + =*, each branch of the root locus approaches a zero of 
G(s)H(s). Since we are assuming that m ^ n, ft — m of these zeros are at infinity. 
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Properly 3: Part^i t>f the real s-axis that he to the left of an odd number uf real ptLes 
and zeros of G{\ )H[s) are on the root locui for K > 0. Parts of the real a -ax is that lie 
to the left of an t*ven number (possibly zero) of poles and zeros of G{s)His) are on the 
rout locus fox K < 0. 



We can ahnw that Property 3 is true as follows: From out discussion in Example 11.1 
and from Figure 1 1 . 13(a), we see that if a point on the real s-axis is to the right of a real 
pole or zero ofGts)H(s) t that pole or zero contributes zero to <(7{ao )//(■&)). C* n l ^e other 
hand, if j is to the left of a zero, that ?.ero contributes +tt + whereas if su is to the left uf 
a pole, we get a contribution of -it (s:ncc we subtract the pole angles). Hence, if j^ is to 
the left of an odd number of real poles and 7eros, the toial contribution of these poles and 
zeros is art odd multiple of tt, whereas if .vj is to the left of an even number of real poles 
and xerus, the total contribution is an even multiple of it. From eqs, ( 1 1 .59) and ( J 1.60), 
wc will have the result stated in Property 3 if we can show that the total contribution 
from all poles and zeros with nonzero imaginary parts is an even multiple of tt. The key 
here is that such poles and zeros occur in complex -conjugate pairs, and wc can consider 
the contribution from each such pair, as illustrated in Figure 1 1.13(b). The symmetry in 
the picture clearly indicates that the sunt of the angles from this pair to any point m, on the 
real axis is precisely In. Summing over all conjugate zero pairs and subtracting the sum 
over all conjugate pote pairs, we get the desired result. Thus, any segment of the real line 
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Figure 1 1 . 1 3 (at Angle contribu- 
tion from reaJ poles and zeros to a 
point on the real axis; (b) tDtal angle 
contribution from a complex- conjugate 
pole pair to a point or? the rea] axis. 
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between real poles or zeros is on the root locus either for K > or for K < 0. depending 
(in whether it lies to the left of an odd or an even number of poles and zerus of G(x)His) 
As one consequence of Properties 1 through 3, consider a segment of the real axis 
between two poles of G{s)H{s), with no zeros between these poles. From Property I the 
root locus begins at the poles t and from Property 3 the entire portion of the real a*is between 
The two poles will lie on the root locus for a positive or negative range of values of A'. 
Therefore, as \K\ increases from zero, the two branches of the root locus that begin at these 
poles move toward each other along the segment of the real axis between the poles. From 
Property 2, as \f(\ increases toward infinity, each branch of the root locus must approach 
a £eTiy. Since there are no 7.er»s along that portion of the real axis, the only way that this 
can happen is if the branches break off into the complex plane fur |Jf | tuffiriently lar^e 
This is illustrated in Figure It 12, in which the locus for K > has a portion between 
two red poles. As K is increased, the root locus eventually leaves the real axis, forming 
two complex-conjugate branches. Summarizing this discussion, we have the following 
property of the root locus: 



. — ! 

Property 4: Branches of the root locus between two real poles must break off into 
the complex plane for 1^1 large enough. 



Properties 1-4 serve to illustrate how characteristics of the root locus can be de- 
duced from cqs. (11.45), (1 1.59), and (11. GO). In many cases, plotting the poles and zeros 
of G(s)H($) and then using these four properties suffices to provide a reasonably accurate 
sketch of the mot locus. iSee Examples 11.2 and 11.3.) In addition to these properties, 
however, there are numerous other characteristics of the root locus that allow one to ob- 
tain sketches of increasing accuracy. For example, from Property 2, we know that n - trt 
branches of the rool locus approach infinity. In fact, these branches approach infinity at 
specific angles that can be calculated, and therefore, the branches are asymptotically par 
allel to lines at these angles. Moreover, it if possible to draw in the asymptotes and then 
determine the point at which they intersect. These two properties and several others are 
illustrated in Problems 11.34-11.36 and 11.41—11 42. A more detailed development of 
the root-locus method can be found in more advanced texts such ai those listed \t\ the 
bibliography at the end of the book. 

In the remainder of this section we present two examples* one in continuous time 
and one .n discrete time, that illustrate how the four properties that we have just described 
allow us to sketch the root locus and to deduce the stability characteristics of a feedback 
system as the gain K is varied. 

Example 1 1.2 

Let 

„(,,«(,,. _±^!_. („.„, 

Frtun Properties 1 and 2, the ruot locus for either K positive or K ncgalive starts ;tt the 
point*, s — - 1 and s = —1. One branch terminates at the itro at ? — ] and the other al 
infinity. 

Lei us first consider K > The root locus in this case is illustrated m Fig- 
ure 11.14(a). From Property 3, we yjn identify the regions of the real am that ire on 
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Figure 11.14 Root locus for Example 11.2: (a) K > 0; (J)} K * 0. The 
poles of G{s)H{s) art s = -1 and 5 = -2 and the zero of G{s)H(s) at s = 1 
are indicated in the figure. 

the root locus for K > 0— specifically. (5t-e{s] < -2and-l < flU{s} < 1 Therefore, one 
branch of the root locus ujtA' > Ooiigiuatesat s - - 1 and approaches j — 1 astf — *- k l 
The other begins at j = - 2 and extends to the left toward (R*?{j} - - -*- as tf — • +«. 

Thus, we see that for X" > 0. tf K is sufficiently large, the system will become 
unstable, as one of the closed-loop poles moves into the right-half plane. The procedure 
that we hase oscd for sketching the root locus does not, of course, indicate the value 
of K for which this- instability develops. However, for this, particular example, we see 
that the value of K for which the instability occurs corresponds to the root locus passing 
through \ = 0. Consequently, fromeq. (11.52), the conrcs ponding value ol K is 



\d<pmo)\ z 



U 1.74| 



Thus, the system is stable for G ±= K < 2, but i:s unstable for K ^ 2. 

For K < 0, the portions of the real axis lying on the root locus are tfta{j.-} > 1 and 
-2 < i3te{j} < - 1. Thus, the root locus again starts at the points \ = -2 and s = 1 , 
moving intc the region -2 < <R«{.v) < - I, At some point, it breaks off inly (he complex 
plane and follows a trajectory such lhatil reiurns to the real axis for v -> 1. Upon the root 
locus' return to the real axis, une branch moves to the left toward ihc ^ero a[ s = I and 
the other to the right toward s = », as indicated in Figure 11.14(b), in which we have 
displayed an accurate plot of the too! locus for K < 0. 
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Rules car also he developed (o indicate the locations at which the root locus leaves 
and enters the real axis. Even without thai precipe a deseription T however, we can skeich 
me general shape of the root locus in Figure 1 1 14(b) and tan therefore deduce thai for 
K < 0, the system alio becomes unstable for }K\ sufficiently large. 



Example 11 .3 

Consider the discrete-time feedback system illustrated in Figure 11 15- Tn this case, 

z ' z 



GU)ff(z) =- 



(1 -!*-){! _l r .) (*-I)(*-lf 



(11.75) 




*- y[n| 



Figure 11.15 Discrete-time feedback system of Example 1 1.3. 

Ay discussed at (he beginning of this section, the techniques for sketching the root Locus 
of a discrete-time feedback system are identical to those used in the contmuous-ti me 
case. Therefore, in a manner exactly analogous to that of the preceding example, we 
can deduce the basic form of the root locus for this example, which is illustrated in 
Figure 11.16. In this case the portion of the real axis between the two poles of Giz)H(z\ 
(at i = 1/4 and z = 1^2) is on the root locus for K > t and as K increases the locus 
breaks off into the complex plane and returns to the axis at some pomt in the left-half 
plane. From there* one branch approaches the zero of G{z}ti\z) at z = 0, and the other 
approaches infinity as K — *- ™, The form of the ryot locus for K < consists of two 
branches on the real axis, one approaching and the other infinity. 

As we remarked earlier, while the farm of the root focus does not depend on 
whether the system is a continuous-time or discrete- time system, any conclusion re- 
garding stability based on examining the locus certainly does. For this example, we ears 
conclude that for \K\ sufficiently large the system is unstable, since one of the two poles 
ha 1 * magnitude greater than I. In particular, from the K > root Locus in Figure 11.16(a), 
wo see that the transition from stability to instability occurs when one of the closed-loop 
poles is at z - - 1 . From eq ( 1 1 .52}. the corresponding value of K ls 



K - 



Ic^iW-Tjf 



15 
8" 



(11.76J 



Similarly, from Figure 1 1.16(b), tht stability -instability transition occurs when one of 
the closed-loop poles is at z = \ t and from eq. (11.55), the corresponding value of K is. 

Putting this* together, we see that thedosed-loop system in Figure 11 16 is stable if 
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Figure 11. T 6 Root locus for Example 11.3: {a) K > 0; (b) K < 0. The 
poles of G(z)H{z) at z = VA and i = 1/2 and the zero of G{z)H{z) at z = 
are indicated in the figure. 
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and is unstable for K outside this range. 



1 1 A THE NYQUIST STABILITY CRiTERJQN 



As developed in Section 113, the root-locus technique provides detailed information con- 
cerning the location of closed-loop poles as :he system gain is varied. From root-locus 
plots, one can determine the damping and the stability characteristics of the system as K 
is varied. Determination of the root locus requires the analytic description of the system 
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function s of the forward and feedback: paths and is applicable only when these transforms 
are rational, Forexamplejt cannot be directly applied in situations in which our knowledge 
of the system functions is obtained purely from experimentation. 

In this section, we introduce another method for the determination of the stability of 
feedback systems as a function of an. adjustable gain parameter. This technique, referred to 
as the Nyquist criterion, differs from the root-locus method in two basic ways Unlike the 
root- locus method* the Nyquist criterion does not provide detailed information concerning 
the location or the closed-loop poles as a function of K t but rather h simply determines 
whether or not the system is. stable for any specified value of tf. On the other hand, the 
Nyquist criterion can be applied to nonrational system functions and in situations in which 
no analytic description of the forward and feedback path system functions is available. 

Our objective in this section is to outline the basic ideas behind the Nyquist criterion 
for both continuous time and discrete-time systems. As we will see, both the discrete- 
time and continuous-time Nyquist tests are the result of the same fundamental concept, 
although, as with the root- locus method, the actual criteria for stability differ because of 
the differences between continuous and discrete time. More detailed developments of the 
ideas behind the Nyquist criterion and its use in the design of feedback systems can be 
found in texts on the analysis and synthesis of feedback sy stents and automatic control 
systems, including those listed in the bibliography at the end of the book. 

To introduce the method, let us recall that the poles of the closed-loop systems of 
Figure ] L 10 and their discrete -time counterparts are the solutions of the equations 

1 -I- KG<s)H{s) = (continuous time P (11,79} 

and 

1 + KG{z)H(z) = (discrete time). {11.80} 

For discrete-time systems, we want to determine whether any of the solutions of eq. (1 1.80) 
lie outside the unit circle, and for continuous-time systems whether any of the solutions of 
eq r (1 1 r 79) lie in the right half of the j-plane. The Nyquist criterion fixes this by examina- 
tion of the values of G(s)H(x) along the jw-axis and the values of G(z)H(z) along the unit 
circle. The basis for this is the encirclement property, which we develop in the following 
subsection. 

11.4,1 The Encirclement Property 

Consider a general rational function W(p). where p is a complex variable, 3 and suppose 
that we plot W(/?) for values of p along a closed contour in the p-plane T which we traverse 
in a clockwise direction. This is illustrated in Figure 11 17 for a function W{p) that has 
two zeros and no poles. In Figure 11.17(a) we show a closed contour C in tbe/j-plane, and 
in Figure 1 1.17(b) we plot the closed contour of the values of W{p) as p varies around C. 

Because we will um; the property we are about w develop for both continuous-time *uid discrcte-limc 
feedback sy items, we have chosen lo d-icribe it in terms of a general complex variable/* Fn the next subsection 
we use this property tu analyze continuous-time feedback litems,, where the complex variable ls t Following 
this, in Section II 4 3 we use the encirclement property for discrete-time feedback systems, in whivh cunicxi 

the complex variable ii z. 



843 



Linear Feedback Sysiems Chas. 11 



p- plane 




&m 



W- plane 




tfU 



(b) 



Figure f f .1 7 Basic encirclement 
property The dosed curve in (b) rep- 
resents 3 plot of the values of W{p) 
for values of p afong the curve C 
in (a). H&re, tha arrow on the curve C 
in (a) indicates the direction in which 
G is traversed, and tha avrow in {h\ 
indicates the corresponding direction 
along the contour of values of W{p). 



]n this example, there is one zero of W{p) inside the contour and one zero of W(p) outside 
the contour. At any point p on C, the angle of W(p) is the sum of the angles of the two 
vectors V| and v^ to the point p As we traverse the contour once, the angle cf t \ of the 
vector from the zero inside the contour encounters a net change of —Itt radians., whereas 
the angle tfc of the vector from the zero outside the contour encounters no net change 
Thus, on the plot of W{p}, there is a net change in angle of ^2tt. Said another way, the 
plot of W(p) in Figure 11.17(b) encircles the origin once in the clockwise direction. More 
generally, for an arbitrary rational W(p), as we traverse, a closed contour in ihe clock- 
wise direction^ any poles and zeros of W(p) outside the contour will contribute no net 
change to the angle of W{p), whereas each zero inside the contour will contribute a net 
change of — 2tt and each pole inside will contribute a net change of +2ir. Since each 
net change of — 2-rr in W(p) corresponds to one clockwise encirclement of the origin in the 
plot of W(p), we can state the following basic enablement property: 



Encirclement Property : As a cl osed contour C in the p-p\ ane is traversed once i n the 
clockwise direction, the corresponding plot of W(p) for values of p along the contour 
encircles the origin in the clockwise direction a net number of times equal to the number 
of zeros minus the number of poles contained within the contour. 



In applying this statement,, 3 counterclockwise encirclement is interpreted as the neg- 
ative of one clockwise encirclement For example, if there is one pole and no zeros inside 
the contour, there will be one counterclockwise, or equivaleudy, minus one clockwise, 
encirclement. 
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Example 1 1 .4 

Consider the function 



W{p) - 



- 1 



(P + !)(/>* + /> + !)■ 



(11,81) 
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Figure I US Basic encirclement property for Example 11.4 (a) the con 

tour encircles no poles or zeros and consequently W{p) has no encirclements 
of the origin, (b) the contour encircles one pole and therefore W{q) has one 
encirclement of the origin; (c) the contour encircles three poles and therefore 
W{p) has three encirclements of the origin; 
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Figure l l .18 Continued^) the contour encircles one pole and one zero 
and therefore W{p) has no encirclements of the origin; {e) the contour encir- 
cles three pol&s and one zero IV(p) has two encirclements of the origin 

[n Figure 11-18, wc depict several closed contours in the complex^-plane and the ojire- 
sponding pluts of W[p) along each of these contours. In Figure 11 . J 8(aj, the contour C\ 
doe* not encircle any of Ihe poles or zeros ot W(p\ and consequently, the plot ol ^(p) 
bis nc net encirclements uf zero In Figure LI, L8(b\oaly the pole al p — - t ^contained 
within the contour C?, an J The plot otW{p) encircles I he origin once in the counterclock- 
wise direction (minus-one clockwise encirclement?). In Figure ] 1.18(c). CS encircles all 
three poles, md the plot of W{p) encircles the origin three times in a counterclockwise 
direction. In Figure ILIb(d), O encircles one pole and one zero, and therefore, the plot 
of W{p) has no net encirclements of the origin. Finally, m Figure ILlS^e), all oi the 
poles and the one zero of W{p) are contained within C5, and thus, the plot of Wf/j} along 
this contour has two net counterclockwise encirclements of the origin. 



1 1 .4,2 The Nyquist Criterion for Continuous-Time 
LTI Feedback Systems 

In this section, we exploit the encirclemetir property in examining the stability of the 
continuous- time feedback system of Figure H,1Q, Stubil ity of this system requires that 
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no zeros of I + KG(s)H{s) t or equivalent!^ of the function 



<11-*2) 



lie in the right half of the j-plane. Thus, in applying the general result developed in the 
preceding subsection, we can consider the contour indicated in Figure 11.19. From the 
plot of Ris)i as s traverses the contour C we can obtain a count of the number of zeros 
minus the number of poles of R{s) contained within the contour by counting the number 
of clockwise encirclements of the origin. As M increases to infinity, this then corresponds 
lo the number of zeros minus the number of poles of R(s) in the right half of the j-plane. 
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Figure t T . 1 9 Closed contour con- 
tuning a portion of the right-half plane, 
as M - *>, thfi contour encloses the 
entrre right-half plane 

Let us examine the evaluation of R(s) along the contour in Figure 11.19 a^ M in- 
creases to infinity. Along the semicircular portion of the contour extending into the right- 
half plane, we must ensure that R(s) remains bounded as M increases. Accordingly, we 
will assume that R(s) has at least as many poles as zeros. In that case. 



*<J> = 



a„s" +■ a» ii J ' ' + -■■ + <tn 



and 



lim R{i) - *- - constant, 

hi-- a tl 



(JL83) 



(11.84) 



Therefore, as M increases to infinity, the value of R(±) does not change as we traverse the 
semicircular part of the contour, and consequently, the constant value along this part is 
equal to the value of R($) at the end points [Lc, Rijto) at a) ■=- ±^\, 

Therefore, the plot of R{s) along the contour of Figure 11.19 can he obtained by 
plotting fits) along the part of the contour that coincides with ihe imaginary axis — that is, 
the plot of R{jte) as to varies from -<*> to + ■*. Since R(jhj) equals ]/K -r G{jw)H{jtn^. 
R(x\ along The contour can be drawn from knowledge of G{jtMi) and Hij<v). U both 
the forward- and feedback -path systems are stable, G{jto) and (j'w) are simplj the 
frequency-response functions of these systems. However, the encirclement property for 
the general function Wip) is simply a property of complex functiims; i: has nothing to 
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do with whether W{p) arose as the Laplace or ^-transform of any signal and, conse- 
quently, has nothing tt> do with regions of convergence. Thus, even if the forward- and 
feedback-path systems are unstable, if we examine the plot of the Junction J?(j&>) = 
UK + G(jw)H(ja>) for — w < « < » we know that the net number of clockwise en- 
circlements of the origin will equal the number of zeros minus the number of poles of R{s) 
chat He m the righi-half plane. 

Furthermore, from eq, (11.82), we see that the poles of R{s) are simply the poles 
of G(s)H{s), while the zeros of E{x) are the closed-loop poles. In addition, since 
G{jw)H(jit>] = R{j(i>) - UK* it follows that tbe plot of G{J(o)H{Ja>) encircles the 
point — UK exactly as many times as /?(yw) encircles the origin. The plot ofG{jw)H(jfi>) 
as ut varies from - » to +*= is called the Nyquist plot. From tne encirclement property, we 
then see that 

T , . c i i Th e number of right-half 

1 he number tff clockwise , , " , 

i * *-*u * * plane closed- loop poles ,., ft _. 

encirclements of the point = r , . , .. . , (ILS5) 

trvi. i. vr ■ * i *. minus the number of nght- 

1/a by the Nyquist plot ... * 

J -n »- jj a jf plane poles of G(s\H(s). 

While the open-loop system G(i)H(s) may have unstable poles, for the closed-loop system 
to be stable we require no right-half plane closed-loop poles. This yields the contmuous- 
Titne Nyquist stability criterion: 



Continuous-Time Nyquist Stability Criterion: For the closed-loop system to be 
stable, the net number oi clockwise encirclements of the poinr — UK by the Nyquist plot 
of G{ ;o>)iff (joi) must equal minus the number nf right-half-plane poles of (j(.0*f (j). 
Equivalently, the net number of town/en; jW£wiyf encirclements of the point - 1/AT by 
the Nyquist plot of G(jw)H{ja>) must equal the number af right half-plane poles of 
G{s)H{sy 



For example, if the forward- and feedback-path systems are stable, then the Nyqui.st 
plot is simply the plot of the frequency response of the cascade of these two .systems- In 
this case, since there are no poles of G{x)H(s) in the right- half plane, the Nyquist criterion 
requires that* for stability, the net number of encirclements of the point —UK must be 

zero. 

Example 11,5 

Gis)= -J--, H{s)= T -L-. (11.86) 

The Bode plot tor G(jo)H{jw) is *hown in Figure 11.20, The Nyquist plot depicted 
m Figure U 21 is cons^ni^&ri directly from the plots of the log magnitude and phase 
of G(jtu)H(j(&). That is, each point on the Nyquist plot has polar coordinator con- 
sisting of the magnitude \G\jw)tfij(o)\ and angle <G{]ti})H(ja) for some value 
of u}. The coordinates of G(j<o}U(j<o) for to < are obtained fro-m the values for 
w > through (he use of the conjugate symmetry property of Vijui)H {}{**) This 
property manifest itself geometrically in a very simple way, which facilitates the 
sketching of the Nyquist plot tor any feedback system composed of systems with 
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Figure 1 1.20 Bode plot for G(fc>)HUh>) in Example 11.5. 



Jm{G(j<Et)H(j<a)} 




1 cJW{G{|tM)H(jo>}l 



Figure I f .21 Nyquist plot of G(/w)W[/^} for Example 11 5. The arrow on 
the curve indicates the direction erf increasing m. 
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real impulse re&ponses. Specifically, since \G(—ja>)H(-jta}\ = ^(/wWO),' and 
<G{-jta}H(-jo*) = <G\ jfo)H(jM) r the Nyquist plot of G{jco)H(jw) for iu ^ 
is a reflection about the real axis of the plot for oj ^ 0, Notcalsp (hat wc have included 
an arrow un the Nyquist piot in Figure II 21. This arrow indicates the direction of in- 
creasing w, Tha; is, it indicates, the direction in which, the Nyquist pl-ut is traversed (as 
w varies from -^ to + ^} for the counting of encirclemcnti in the application of the 
Nyquist criterion. 

In ihi* example there are no right-h&l f-plane open -loop poles, and consequently, 
the Myquint criterion requires that, for stability, there be no net encirclements of the 
point -MK. Thus, by inspection of Figure 11.21, we see that the closed-loop system 
will be liable if the point — UK falls outside the Nyquist contour — (hat is, if 



**hkh ist equivalent to 



~k s ° 



K > 



or 



or 



"jc >1 - 



Q> K>-\. 



01.87) 



(1I.S8) 



Combining these two conditions, we obtain the result that the closed-loop system will be 
stable for any choice of A" greater uW -1. 

Example 1 1.6 

Consider now 



tffr)H(j) = - 



s + 1 



(j - ix^-+- D" 



(11.89) 



The Nyquist plot for this system is indicated in Figure 1J.22. For this example. G(s)H{&) 
has one right- half-plane pole. Thus, for stability we require one counterclockwise encir- 
clement: of the point — UK, which in turn requires that the point - UK fall insure the 
contour Hence, we will have stability If and only if— 1 < - l'A' < U. that is, if A' > 1. 



*»{3<jco)H(M> 




u>=0 



<R*{G(][o)H(jw)} 



Figure 1 1 .Z3. Nyquist plot for Example 11.6 The arrow an the curve indi- 
cates the direction of increasing o>. 



Tti the foregoing discussion, we have introduced and illustrated a form for (he Nyqnkt 
stability criterion that applies to an. extremely large class of feedback systems. In addition, 
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there are a number of refinemen ts and extensions of rile cri teri on that al low it to be used for 
many other feedback systems as well. For example, as we have developed it, the Nyquist 
plot can be drawn without any difficulties for stable or unstable C(j)//(j), as Jong as there 
are no poles of G[s)H(.i) exactly on the /to-axta. When such poles do occur, the value 
of G{ jiAt)H(jio) is infinite at those points However, as considered in Problem 1 1 ,44, the 
Nyquist criterion can be modified to allow for poles of G(s)H(s) on the ju-axis. In ad- 
dition, as mentioned at tbe beginning of this section, the Nyquist criterion can also be 
extended to the case in which C(j) arid ff(s) are not rational For example, it can be shown 
that if the forward- and feedback-path systems are both stable, the Nyquist criterion is 
the same when the system functions are nonrational as it is when the> are rational, Thai 
i&, the closed-loop system is stable if there are no net encirclements of the point -1/K. 
Tb illustrate the application of the Nyquist criterion for nonrational system functions, we 
present the following example: 

Example ff.7 

Consider the acoustic feedback example discussed in Section 1 1.2.6. Referring to Fig- 
ure 11. 8(b), let K = tfifoand 



G[s)H(s) - -e sT = e -KT'/*y f 
where ivy have used the fact that £ Jtr = — 1. In this cai^e, 

G(j<o)H[jtn) = e JwNlrt , 



11,90) 



U-91P 



and as tn varies from -* to «, G{j<i})H(jia) traces out a. circle of radius 1 in the clock- 
wise direction, with one full revolution far every change of 2tt/T in <o. This is illus- 
trated in Figure 1 1.23. Since the forward- and feedback-path systems are stable [the 
cascade G[s)H{s) is simply a time delay], the JVyquist stability criterion indicates thai 
the closed-loop system will be stable if and only if - UK does not fall inside the unh 
circle. Equivalency, we inquire for stability that 



\K\< 1. 



(11-92; 



*«t{6(HH(Ju)} 




<JU{G(MHlMi 



Figure T 1.23 Hyquist plot bf Example M.7. 



Since Ki and K 2 represent an acoustic gain and attenuation, respectively, they arc both 
positive, which yitlds the stability criterion 



K\ K7 



I. 



(11,933 
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1 1 ,4.3 T?ie Nyquist Criterion for Discrete-Time LTl 
Feedback Systems 

As in the continuous-time case, the Nyquist stability criterion for discrete-time systems 
is based on the fact thai the difference in the number of poles and zeros inside a contour, 
for a rational function, can be determined by examining a plot of the value of the function 
along the contour. The difference between the continuous -time and discrete-time cases is 
the choice of the contour. For the discrete-time case, stability of the closed-loop feedback 
system requires that no zeros of 

R{z)= ^ + G(i)//(z) (11.94) 

He outside the unit circle. 

Recall that the encirclement property relates to poles and zeros inside any specified 
contour. On the other hand, in examining the stability of a discrete-time system, we are 
concerned widi the zeros of R(z) outside the unit circle. Therefore, in order to make uie of 
the encirclement property, we first make a simple modification, i^etus consider the rational 
function 

k(z> = r(-) 0195) 

obtained by replacing z by its reciprocal. As seen in Problem 10.43, if z\i is a zero (pole) 
of H{zU then \tz$ is a zero (pole) of R(z). Since 1/ |zo| is less than I if |ai| > 1 T any zero 
or pole of R{z) outside the unit circle corresponds to a zero or pole of &{z) inside the unit 
circle. 

From the basic encirclement property, we know that as z traverses the unit circle in 
a clockwise direction, the net number of clockwise encirclements of the origin by fc(z) 
equals the difference between the number of its zeros and poles inside the unit circle. 
However, from the previous paragraph, this equals the difference between the number of 
zeros and poles of R(z) outside the unit circle. Furthermore, on tha unit circle, z — e } ™ 
and Us - e~J a . Therefore, 

R(e j n = R(e-'™), (11,96) 

From this, we see that evaluating R(z) as z traverses the unit circle in the clockwise di- 
rection is identical to evaluating R{z) as z traverses the unit circle in the countencfackH'ise 
direction. In sum, then. 

The number of clockwise 

encirclements of the origin 

by the plot of *(,/") as the The number of zeros of R{z) 

unit circle is traversed in the = 0uL * ,d * * c un,t circle ™ mus (1 1.97) 
counterclockwise direction te number of P oles of *< z > 

(e,g„ as « increases from nuLs,de the umt cirde 

to 2^) 

Much as in the continuous-time i;ase, counting the encirclements of the origin by 
R(e ja> ) is equivalent to counting the number of encirclements of the point -\iK by the 
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plot of G{e jai )H{e ia> )i again referred to as the Nyquist plot, which is graphed as <n varies 
from Eo 2tr. Also, the poles of R(z) are precisely the poles of G{z)H{z\ and the zeros of 
H{t) are the closed-loop poles. Therefore, the encirclement property seated in the preceding 
paragraph implies that the net number of clockwise encirclements by the Nyquist plot of 
the poiui — UK equals the number of closed-loop poles outside the unit circle minus the 
number of poles of G{z)H{z) outside ihe unit circle. In order that the closed-loop system be 
stable, we require no closed-loop poles outside the unitcircle. This yields the discrete-time 
Nyquist stability criterion: 



Discrete-Time Nyquist Stability Criterion: For the closed-loop system to be sta- 
ble, the net number of clockwise encirclements of the point - UK by the. Nyquist plot 
of G{^)H{e f ^) a& a> varies from to lv must equal minus the number of poles of 
G{z)H{z) that Me outside the unit circle. Equivalent!^ the net number of counterclock- 
wise encirclements of the point -UK by the Nyquist plot of G(e^)Hie^) as oj varies 
from (j to 2-tt must equal the number of pules of G{z)H(z) outside the unit circle 



Example 1 1.8 

Us 



0"UjH(z) = 



1 



i + U 



:U+^) 



Oi.qR> 



The Nyquist plot of this curve is shown in Figure 11.24 Sincic G(?)H(*j has no poles 
outside the unit circle, lor the stability of rhe closed-loop system there must he no encir- 
clement of the point - UK. From the figure, we see that this will be the case either if 

-UK < L onl -UK > 2. Thus, ihc system is stable For -U2 <" K ^ 1 



Efm{G(e(")H(ei*M 



^-0,2t 




0U-{GleJ^H(ei™;} 



Figure 1 1 .24 Nyquist plot for Example 11.8 Ths arrow on the curw in- 
dicates the direction in which the curve is traversed as w increases from 

10 2*-. 



Just as in continuous lime, if the forward and feedback paths are stable, then the 
Nyquist plot can be obtained from the frequency responses H{e J6A ) and G(t> /W ) of these 
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systems. If the forward and feedback paths are unstable, then the frequency responses are 
not defined. Nevertheless, the Junction G(?)H{z) can still be evaluated on the unit circle, 
and the Nyquist stability criterion can be applied. 

As we have seen in this section, the Nyquist stability criterion provides a useful 
rnethed for determining the range of values of the gain K for which a continuous-time 
or discrete-time feedback is stable Cor unstable). This criterion and the root-locus method 
are extremely important tools in the design and implementation of feedback systems, and 
each has its own uses and limitations For example, the Nyquist criterion can be applied to 
nonrational system functions, whereas the root-locus method cannot. On the other hand, 
root-locus plots allow us to examine not only stability, but also other characteristics of the 
closed-loop system response, such as damping, oscillation frequency, and so on, which are 
readily identifiable from the location of the poles of the closed-Joop sysiem. In the next 
section, we introduce an additional tool for the analysis of feedback systems that highlights 
anoiher important characteristic of closed- loop system behavior 
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In this section, we intreduce and examine the concept of the margin of stability in a feed- 
back system. It is often of interest not anly to know whether a feedback system is stable, 
but also to determine how much the gain in the system can be perturbed and how much 
additional phase shift can be added to the system before it becomes unstable. Information 
such as this is important because in many applications the forward and feedback system 
functions are known only approximately or may change slightly during operation because 
of wear, the effect of high temperatures on components, or similar influences 

As an example, consider the telescope-pointing system described in Section 1 10 
and illustrated in Figures 1], 1(c) and (d). This system consists of a motor, a potentiometer 
converting the shaft angle to a voltage, and an amplifier that is used lo amplify tte voltage 
representing the difference between the desired and the actual shaft angles. Assuming that 
we have obtained approximate descriptions of each of these components, we can set the 
amplifier gain so that the system will be stable if these descriptions arc accurate. However, 
the amplirier gain and the constant of proportionality that describes the angle- voltage char- 
acteristic of the potentiometer are never known exactly, and therefore, the actual gain in 
the feedback system may differ from the nominal value assumed in designing the system. 
Furthermore, the damping characteristics of the motor cannot be determined with absolute 
precision, and thus, the actual time constant of the motor response may differ from the ap- 
proximate value in the specification of the system. For example, if the actual motor time 
constant is larger than the nominal value used in the design, the motor will respond more 
sluggishly than anticipated, thereby producing an effective time delay in the feedback 
system. As we have discussed in earlier chapters, and as we will again in Example 11.11. 
time delays have the effect of increasing the negative phase in the frequency response of a 
system, and this phase shift can have a destabilizing influence on the system. Because of 
the possible presence of gain and phase errors such as. those we have just described, it is 
clearly desirable to set the amplifier gain so that there is some margin for error — that is. so 
that the actual system will remain stable even if it differs somewhat from ihe approximate 
model used in the design process. 
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In this section, we introduce one method for quantifying the margin of stability in a 
feedback system To do this, we consider a closed-loop system, depicted in Figure 1 1 25, 
that has been designed to be stable based on nominal values for the forward- and feedback- 
path system functions. For our discussion here, we let A/(s) and G{s) denote these nominal 
values. Also, since the basic concepts are identical for both continuous-time and discrete- 
time systems, we will again focus our development on the continuous-time case, and at the 
end of the section we illustrate the application of these ideas to a discrete-time example. 
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Figure 1 1.25 Typical feedback 
system designed to be stable as- 
suming nominal descriptions for H[s) 
and G(s). 



To assess the margin of stability in out feedback system, suppose that the actual 
system is as depicted in Figure 1 1 .26, where we have allowed for the possibility of a gain 
K and phase shift 4> in the feedback path. In the nominal system K is unity arid $ is /.em, but 
in the actual system cither or both may have a different value. Therefore, it is of interest to 
know how much variation can be tolerated in these quantities without losing closed-loop 
system stability In particular, the gain margin of the feedback system is defined as the 
minimum amount of additional gain K, with <f> = T that is required so that the closed- 
loop system becomes unstable. Similarly, the phaie margin is the additional amount of 
pha^e shift, with K — 1, thaL is. required for the system to be unstable. By convention, the 
phase margin is expressed as a positive quantity; that is, it equals the magnitude of the 
additional negative phase shift at which the feedback system becomes unstable. 
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Figure 1 1 26 Feedback system containing possrble gain and phase devia- 
tions from the nominal description depicted in Figure 11.25 

Since the closed-loop system of Figure 1 1 25 is stable, the system of Figure \ ■ 26 
can become unstable if, as K and 4> are varied, at least one pole of the closed-loop system 
crosses the jw-axis. Tf a pole of the closed-loop system is on the /w-axis at T say, ta -=- w^, 
then at thi^ frequency 



i +ff*-'*r;(./w u ltf(Mj = Q. 



(11.99) 
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or 

ffe~'*G(Mi)tf (M)) = -1, (11.100) 

Note that with K = I and^> = T by our assumption of stability for the nominal feedback 
system of Figure 11.25, there is no value of^o for which eq. (11.1001 is satisfied. The 
gain margin of this system is the minimum value of K > 1 for which eq. (1 1.100) has a 
solution for some wn with 4* = 0. That is, the gain margin is the smallest value of K for 
which the equation 

KG\ju>v)H[j<*>^ = -I (11.101) 

ha> a solution wq. Similarly, the phase margin is the minimum value of tf> for which 
eq (1 1 .100) has a solution for some un when K - 1 . Tn other words, the phase margin is 
the smallest value of <£ > for which the equation 

t r^G[j<i} U )H[j^) - -t (11.102) 

has a solution. 

To illustrate the calculation and graphical interpretation of gain and phase margins, 
we consider the following example. 

Example 1 1 .9 

Let 

4(1 + Is) 

G<*)in&) = : ^ (HUM) 

s<\ - 1 - 2.0'" 1 H 05* +{0.12SjD 

The Bode pint for this example is shown in Figure 11.27. Nofe thai. as discussed in 
Problem 6.31. the facitw of l/;o> in G{]to)H{jo)) contributes -90° { ir/2 radians) of 
phase shift and a 2f)-dB-per-decade increase in \G(ju}iH(jm}\. T» Jotermine the gain 
margin, we observe Thai, with d> = (L the only frequency at which eq. ( 1 1.101 ) can be 
&alKticd is that for which <G(Jat i - ) }H{jai. i ) = -tt. At this, frequency, the gain mar 
pin in decibels can be identified by inspection of Figure 1 1.27 We first examine Fig- 
ure [1.27(b) to determine the frequency t*>\ at which (he angle curve crosses the line 
-it radians. Locating the point al (his same frequency in Figure 11 27(a) provides us 
with the value of \G(jaj\)H(j*>\)\. hireq. i'l 1.101) to bs satisfied for oj,, = u , K must 
equaf l/|<Tr(^i)f/(j£ij|)|.Thisva1iieis the gam margin. As illustrated t a Figure 1 1 27(a), 
the gain margin expressed in decibels can be identified as the amount the lug- magnitude 
curve would have to be shifted up so lhat the curve internet* the 0-dFl lim: at (he fre- 
quency W| 

Tn a similar fashion, we can determine the phase margin. Note lirsl dial ihe only 
frequency al which eq. I lL102)canbe satisfied is that for which \G(ju>q)H{jw\i\ - 1, 
or eeuivalenlly, 2U log m \G{jb>ti)Hl}*>a}\ = 0- 1" determine the phc.se margin, we first 
find the frequency <v 2 in Figure II 27(a) ai which the log-magnitude curve crosses the 
0-dti line. Locating the point at this same frequency in Figure 1 i_27rb"i then provides 
us with Ihe value of ^Gfjt^WU^;)- For eq, (11. 102 i to be satisfied forw M - u>., the 
angle of the left-hand side of this equation must be -it. The value of <b for which ihis 
\b true is the phase margin. As illustrated in Figure II 27(b), the phase margin can be 
identified as the amount the jingle curve would have to be lowered so lhat ihn eurve 
intersects the It tie - tt at the frecjuenvy o>:. 
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Figure 1 1 .27 Use of Bade plots to calculate gain and phase margins for 
the system of Example 1 1 9 



In determining gain and phase margins, it is not always of interest to identify ex- 
plicitly thz frequency at which the poles will cross the jut-axis. As an alternative, we can 
identify the gain and phase margins from a log magnitude -phase diagram. For example, 
the log magnitude-phase diagram for the system of Figure 11.27 is shown in Figure 1 1 .28. 
In this figure, we plot 20 log (0 \Gtjto)H (ju>)\ versus <G(j(i>)H(jo}) as <* varies from 
to +» Therefore, because of the conjugate symmetry of G(jto)H{jm) y the plot contains 
the same information as the Nyquist plot, in which <${e{G{jti>)ti{j<j>)} is plotted versus 
$m{G(j&))H(jui)} for -«> < a> < *, As we have indicated, the phase margin can be read 
off hy locating the intersection of the log magnitude-phase plot with the 0-dB line. That 
is T the phase margin is the amount of additional negative phase shift required to shift the 
log magnitude- phase curve so that it intersects the 0-dB line with exactly J8(F (it ra- 
dians) of phase shift. Similarly, the gain margin is directly obtained from the intersec- 
tion of the log magnitude-phase curve with the line —tt radians, and this represents the 
amount of additional gain needed so that the curve crosses the line - tt with a magnitude 
ofOdB. 

The following examples provide several other elementary illustrations of log mag- 
nitude-phase diagrams: 
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<Gljoi)H(jii>) 



Example 11,10 

Lei 



Figure 1 1.28 Log iragnrtude- 
phas& plot f or the system of Exam- 
ple 11.9. 
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r > 0, 



(1L104) 
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Figure 1 1.29 Log magnitude- phase plot for the firet-order system of Ex- 
ample 11.10. 
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In this case, we obtain the log magnitude-phase plot depicted in Figure 1 1 .29. This hs-s 
a phase margin of ir, and since the curve does not intersect the line -ir 1 the system 
has infinite gain maigm (i.e., we ■can increase the gain as much as we tike and maintain 
stability). This is consistent with the conclusion that we can draw by examining the 
system illustrated in Figure 1 1 , 30(a) . In Figure 1 1 . 3Q(b) t we have depicted the root loc us 
for this system with <p — A and K > 0. From the figure, it is evident that the system is 
stable for any positive value of K. In addition, if K = 1 and <f> = ir, so that e fti> = - I, 
the closed-loop system function tor the system of Figure 1 1 .30(a) is 1/tt, which has a 
pole at .i = 0, so thai the system is. unstable. 
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Figure 1 1 .30 (a) First-order feedback system with possible gain and 
phase variations in the feedback path; (b) root locus for this system with 
4> = 0, K > 0. 



Example 11,11 

Suppose we now consider the second-order system 



*(*) = 



I 



x 2 + s + r 



G(s) = 1. 



(J l.liJS) 



Trie system //(j) has an undamped natural frequency of 1 and a damping ratio of 5. The 
log magnitude-phase plot fortius system is illustrated in Figure 11.31. Again we have in- 
finite gain margin, bur a phase margin of only ir/2, since it can be shown by a straightfor- 
ward calculation that |tfU&)| =-■ 1 fora> = 1, and at this frequency <H{jtit) = -irt2 
We can now illustrate the. type of problem that can be solved using the concepts 
of gain and phase margins. Suppose that the feedback system specified by eq. {II .105) 
cannot be realized. Rather, some unavoidable time delay is introduced into the feedback 
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path. That i&. 

G(s) = e". (J1J06) 

where t is the time delay. What we would like to know is how small this, delay must be 
to ensure the stability of the closed-loop system. 
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Figure 1 t-31 Log magnitude-phase plot for trie second-order system of 
Example 11.11. 



The first point to note Is that 

ie-^ T \ = I, (11,107) 

so the delay does not change the magnitude of H{j<d)G{jt*>). On the other hand 

<*-^ T - -wt radians. (11,108) 

Thus, every point on the curve in Figure 11. 31 is shifted to the left. The amount of the 
shift is prnportinnal to the value of tn for each point on the log magnitude -phase curve 

From this discussion, we see that instability will occur once the phase margin ls 
reduced to zero, and this will happen when the phase shift introduced hy the delay is 
equal to -ir/2 at to = 1 That i&, the critical value t* of the time delay satisfies 



or (assuming that the units of tit are radians/second) 

r" =* \.yj seconds. 
Thus, for any time delay r < t\ the system remains stable. 



(11.109) 



(11,110) 



Example 1 1.12 

Consider again the acoustic feedback system discussed in Section 1 1.2,6 and Exam- 
ple 1 1 .7. Here, we assume that the system of Figure 1 1 .8 has been designed with K] K 2 < 
K so that the closed-Loop system is stable, hi thb case, the log magnitude-phase plot for 
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Figure- 1 1.32 Leg magnitude -phase plot far Example 11.12. 

G(s)H(s) = K t K 2 e" [rf +JV> is illustrated in Figure 11 .32. From the figure, we see that the 
system has infinite phase margin and a gain margin in decibels of -20 log irj (KiKj) (i,e, T 
this is precisely the gain factor that, when multiplied by K] K2, equals I). 

Ah indicated at the start of the section, the definitions of the gain and phase margin 
are the same for discrete-time feedback systems as for continuous-time systems. Specifi- 
cally, if we have a stable di terete-time feedback system, the gain margin is the minimum 
amount of additional gain required in the feedback system such that the closed-Loop sys- 
tem becomes unstable. Similarly, the phase margin is the minimum amount of additional 
negative phase shift required for the feedback system to be unstable. The following ex- 
ample illustrates the graphical calculation of phase and gain margins for a discrete-time 
feedback system; the procedure is essentially the same as for continuous- lime systems. 

Example 11-13 

In this example, we illustrate the concept of gain and phase margin for the discrete-time 
feedback system shown, in Figure 11 .33. Here, 

lV5„-i 
GizWz) = -V— — - . (11.111) 

and by direel calculation we tan check that the feedback system is stable for K - 1 
and 4> = 0. In Figure 11.34, we have displayed the log magnitude-phase diagram for 



x|n] 



G> 



1- 



7V5.-1 



*-*£'-' 



B Z 



K 



-y[n] 



Figure 1 1 .33 Discrete-time leedback system of Example 1113. 
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Phase margin = 0685 rad 



Gain margin = 1 .63dB 



2tt 



2 



■iGle'lHte 1 "! 



Figure I r.34 Log magnitude-phass diagram for the discrete-time feedback 

system of Example 11.13. 

the system: that is, we have plotted 20 log m iG'{tf ■"'")//(*' "")\ ver\us ■? Gff ""We >'") jls 
ti) varies from f) to 7it. The system has a gain margin of 1 .68 dB bind a phase margin of 
0.l'685 radians f3.y3°i. 

In concluding this sect inn, it aho ulci be stressed that the gain margin is The minimum 
value of gain that moves one or more of the closed-loop pules onto the ;<a-ax:s in continu- 
ous time m the unit circle in discrete time and, consequently, causes the system to became 
unstable. Il is important to note, however that this does not imply tha: the system is un- 
stable Kir all values, of gain, above the value specified by the gain margin. Fur example, 
a& illustrated in Problem I i .47, as K increases, the Toot locus may move from the left- half 
plane into the right- half plane and thenorass bade, into the left-half plane The gain margin 
provides us with the information about how much the gain can be increased until the poles 
first reach the yw-axis, but it tells us nothing about the possibility that the system may 
again he stahle foi even larger values of the gain. To obtain such information, wc must 
eithei refer to the root locus or use the Nycjuist stability criterion. (Sec Problem 1 1.47 J." 1 



1 1 .6 SUMMARY 



In this chapter, wc have examined a number nf the applications and several techniques tor 
the analysis of feedback systems. We have seen how the use of Laplace and z transforms 
allows us to analyse these systems algebraically and graphically In Section 11 .2 we in- 
dicated several of the applications of feedback, including the design of inverse systems, 

"Fnr detailed disciiisioiif ofOnj, point and thu of earn and phase maigLn* and l\ig. ma^iutuce -phase 
diitgraitiMn general, i\x The tcason (cedhack listed in the bibliugrdphy dC [he cud uf thi: Ofrnk 
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the stabilization of unstable systems, and the design of tracking systems. Wc also saw that 
feedback can destabilize, as well as. stabilize, a system. 

In Section 1 1 .3, wc described the root-locus method for plotting ihe poles of the 
closed-loop system as a function of a gain parameter Here, we found that the geometric 
evaluation of the phase of a rational Laplace transform or ^-transform allowed us to gain 
a significant amount of insight into the properties of the root Locus. These properties of- 
ten permil us to obtain a reasonably accurate sketch of the root locus without performing 
complex calculations 

In contrast to the ront-locui method, the Nyquist criterion of Section 1 1,4 is a tech- 
nique for determining the stability of a feedback system, again as a function of a variable 
gain, without obtaining a detailed description of the location of the closed-loop poles. The 
Nyquist criterion is applicable to nonrational system functions and thus can be used when 
all that is available are experimentally determined frequency responses. The sajne is true of 
the gain and phase margins described in Section 1 1 ,5, These quantities provide a measure 
of the margin uf stability in a feedback system and therefore are of imporrance to design- 
ers in that they allow them to determine how robust a feedback system is To discrepancies 
between estimates of the forward- and feedback-path system functions and their actual 
values. 



Chapter I 1 Problems 



The first section of problems belongs to the basic category, and the answers are pro- 
vided in the back of the book. The remaining three sections contain problems belonging 
to the basic, advanced, and extension categories, respectively. 

BASIC PROBLEMS WITH ANSWERS 

11J. Consider the interconnection of discrete-time LTI systems shown in Figure PI 1.1. 
Express the overall system function for this interconnection in terms of M^{z), 
HiU) 1 andGU). 



x[n] 



Hntt 



"> 


H,(z) 
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Gfc) 











d> 
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Figure PI J.I 
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11.2. Consider the interconnection of discrete-time LT1 systems shown in Figure PH. 2. 
Express the overall system tuna ion for this interconnection in terms of H\U). 



*(t) 



7\ > 


H^5) 
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H T fa 
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Figure PII.Z 
11*3. Consider the continuous-time feedback system depicted in Figure 1 J 3{a) with 



tf 00 - 



1 



J- 1 



and 



G(j> = 5 - fc 



For what real values of b is the feedback system stable? 

11*4. A causal LTI system S with input *(/) and output v(0 is represented by the differ- 
ential equation 

^ + d 4 r u v ( o = ^. 

dt 2 dt dt 

S is to be implemented using the feedback configuration of Figure Jl,3(a> with 
//(*) = \/(i +■ I>. Determine G(.v). 

11,5, Consider the discrete-time feedback system depicted in Figure II 3(b} with 






and 



-i 



GU) = \-bz~\ 



For what real values of fr is the feedback system stable? 
11.6. C&nsider the discrete-time feedback system depicted in Figure 1 1 3(b) with 

H{z) *= 1 - Z'" and Giz) = 



I 



.-A r 



Is this system HR or FIR^ 
11*7. Suppose the closed-loop poles of a feedback system satisfy 

I 1 

Use the root-locus method to determine the values of K for which the feedback 
system is guaranteed to be stable. 
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11,8. Suppose the closed-loop poles of a feedback system satisfy 



i - \ 



(s+ l)(* + 2) 



1 
K 



Use the root-locus method to determine the negative values of K far which the 
feedback system is guaranteed to be stable. 
11.9- Suppose the closed-loop poles of a feedback system satisfy 

(5+ l)(s + 3) _ _J_ 
(s + 2)(s + 4) ~ K 

Use the root-locus method to determine whether there are any values of the ad- 
justable gain K for which the system's impulse response has an oscillatory compo- 
nent of the form e "^cos(w r + 0), where g»o 3* 0, 

11.10* The root locus corresponding to G( s )H(s) = — UK is illustrated in Figure P1 1. 10. 
In this figure, the start (K ~ 0)andendof eachbranchoftherootlocusare marked 
by a '** symbol. Specify ihe poles and zeros of G{s)H\ s)^ 



K>0 



^ 






{R, 



K<0 



> ■ 



<R. 



Figure PI 1.1 
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11.11* Suppose the closed-loop poles of a discrete-time feedback system satisfy 

z~ 2 = _J_ 



Using the root-locus method, determine the positive values oi K for which this 
system is stable, 

11,12, Each of the four locations z = 1/2, z =■ U4^z = 0, andz = — Jj'2is asmgle-order 
pole or zero of G{z)H{z)' Furthermore, G{z)Hiz) is known to have only two poles. 
What information can you deduce about the poles and zeros of G(z)H{z) from the 
fact that fcraJI K, the root locus corresponding to 

G(l)H(z) = ~± 

is on the real axis. 

11.13* Consider the block diagram of Figure Pi 1.13 for a discreie-bme system. Use the 
root-locus method to determine the values of K for which the system is guaranteed 
to be stable. 




Yin] 



D 



0- 



Figure PI 113 



11.14* Let Cbe a closed path that lieson the unit circle in. thep-plane and that is traversed 
m the clockwj.se direction in. order to evaluate W{p). For each of the following 
expressions for W{p\ determine the net number of times the plot of W(p) encircles 
the origin in a clockwise direction: 



(a) W(p) = 

(b) W(p) = 



V) 



ti-S/' 



C-2 £ ')_ 



{t-^p 'XT 2p- l ^p ") 
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It, 15, Consider a continuous-time feedback system whose closed-loop poles satisfy 

1 1 



G{sW{*) - 



(*+]) x' 



Use the Nyquist plot and the Nyquist stability criterion to determine the range 
»f values of K for which the closed-loop system b stable. Hint: In sketching the 
Nyquist plot, you may find it useful to sketch the corresponding Bode plot first. It 
also ii helpful to determine the values of &* for which G(jtt>)H(jw) is real. 

11.16. Considers continuous -lime feedback system whose closed-loop poie.s satisfy 

cw " (i! = c + 1^/10+1} = "r 

Use tiie Nyquist plot and the Nyquist stability criterion to determine the range of 
values of K for which the closed-loop system w stable. 

11.17* Consider a continuous-time feedback system whose closed-loop poles satisfy 

cw <" = (TTi? " "F 

Use the Nyquist plot and the Nyquist stability criterion to determine the range of 
values of K for which the closed-loop system is stable. 

11. IS. Consider a discrete-time feedback system whose closed-loop poles satisfy 

Use the Nyquist plot and the Nyquist stability criterion to determine the range of 
values of K for which the closed-loop system is stable. 

11.19. Consider a feedback system, either in continuous- time or discrete-time, and sup- 
pose that the Nyquist plot for the system passes through the point —\IK. Is the 
feedback system stable or unstable for this value of the gain? Explain your answer 

11*20* Consider the basic contiuuous'time feedback system of Figure 1 1.3(a), Determine 
the phase and gain margin for the following specification o[H(s) and G(s): 

S 2 +■ A ■ + 1 

BASIC PROBLEMS 

1U1, Consider the feedback system of Figure P 11.21. Find the closed-loop poles and 
zeros of this system for the following values of K: 
(i) K = 0J 
(ii> K = 1 
(iii> K =* 10 
(iv> K = 100 



372 



Linear Feedback Systems Chap. 1 1 



«<*> 



-O 



$+1 

s+100 



■*- v*t> 



Figure PI 1.21 



11*22. Consider the basic feedback system of Figure ] i .3(a), Determine the closed- loop 
system impulse response for each of the following specifications of the system 
functions; in ihe forward and feedback paths: 



(a) H (*) = 



I 



, OU) = 1 



(b) H(s) = j^,G(s) =. | + | 



— *-^3 



(t) H(s) = |,Gfc) = *■ 

11.23. Consider the basic feedback systems of Figure 1 1 .3(b), Determine the closed-loop 
system impulse response for each of the following specifications of the system 
functions in the forward and feedback paths: 



(a) H{z) - jzr^,0{z) = f 

(b) H(z) = I - "r J ,CU>- 



— 2 _ > _- J 



zZ 




11.24. Sketch the root loci for K > and A" < for each of the following: 

(a) G(s)H(s) = ^y 

(b) G{s>H(s\ = ' 

(c) C(*>fl(j) - 

(d) G(j)ffCy) = 

(e) G(j)tf(s) = ^ 
(ft GC^/ZO-J = £$$ 
(B) G( J )/f( J ) - A-lgza 

11.25, Sketch the root loci for K > and £ < for each of ihe following: 
(a) C(z)H(z) - I_1 



-2_T 
4 



<b) GU)W(z) - 



(c) G(*)tf (d - 



_ ,'-'ii+r J ) 



-i. j 



(d) GU)rfUJ = i-' -r 2 

{e} G(£)//(z) is the system function of Lhe causal ITI system described by the 
difference equation 



tffil - 2y^ - 1] - -t[b - 1] - x[n - 2]. 
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11.26. Consider a feedback system with 



.v(j + 3X^ + 6) 

Sketch the root locus for K > and K < for the following values of a and hi 
(a) « = 1, i> = 2 (b) ff = -Z £> - 2 <c) a - -4, * 6 - 2 

(d) a 7, b ^ 2 (*) a = -1, 6 - -2 <f) a - -4. b - -2 

(g) « = -7. £ = -2 (h) « = -5, b = -4 (i) a = -1, h - -4 
0) a 7, fc = -S 

11.27* Consider a feedback system with 

la) Sketch the root locus for /f > 0. 
{b) Sketch the root locus For A" < ft. 

(c) Find the smallest positive value of K for which the closed-loop impulse re- 
sponse does not exhibit any oscillatory behavior. 

11.28. Sketch the Nyquist plot for each of the following specifications of G{s)H(s), and 
use the continuous- time Nyquist criterion to determine the range of values of K {if 
any such range exists) for which the closed-loop system is stable. Note: In sketch- 
ing the Nyquist plots, you may find it useful to sketch the corresponding Bode plots 
first. It also is helpful to determine the values of &> for which G(jw)H{jw) h real, 
(a) G(s)HU) = ^ <b) G(j)ff<j) = j±j 

(C) Gis)H(s) = ^ (d) G[s)HU) = ^ 

<e) G(.OH(j) = ^j <0 G(s)Hti) = ^ 

(g) G{s)HW - ^ (b) G(s)/f(j) = ^^ 

(i> Gl^O) = ^ (J) O^HO) - ^^^ 

(k) G{s)H( S ) = ^ 

11.29. Consider the basic continuous-time feedback system of Figure 1 ! 3{a). Sketch the 
log magnitude-phase diagram, and roughly determine the phase and gain margin, 
for each of the following choices of G(_s) and H(s). You may find it useful to use 
the straight-line approximations to the Bode plots developed in Chapter 6 to aid 
you in sketching the log magnitude-phase diagrams. Be careful, however, to take 
into account how the actual frequency response deviates from its approximation 
near break frequencies when [here are underdamped second-order terms present. 
(See Section 6.5,2.) 

(a) //(.v) - -JPri^Gtv) = l 

(b> H(s) = ^11,0^)= 1 
«D "W - til?' G <*> = TIT 
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Note: Your sketch for part (gj should reflect the fact that for this feedback 
system \G{jta\H{j&)\ ->*asw — * 0; what is the phase of G(jw)H(jtri) for 
(At = \ i.e., for (it an infinitesimal amount larger than 0? 

11.30. Sketch the Nyquist plot for each of the following specifications of C(z)H[z\ and 
use the discrete-time Nyquist criterion to determine the range of values of K Of any 
such range exists) for which the closed-loop system is stable. [Note: In sketch- 
ing the Nyquist plots, you may find it useful to first sketch the magnitude and 
pha.se plots as a function of frequency or at least calculate \G{e jm )H{e Jt *\\ and 
<G{* >J * ) }//(£^) ai several points. Also, it is helpful lo determine the values of w 
for which G(^")//(e-'™) is real.] 



t 

- 2 



(a) Gtz)H{z) = z^r <b) GizWlz) = 



(c) G{z)M(z) = z~ l (d) G{z)H{z) - z 

(g) G(z)H{z) = ^4-r <h) G(z)H(.z) = 






(i) G(z)ffU) = ^ 

11,31. Consider the basic discrete-time system in Figure 11.305). Sketch the log magnitude- 
phase diagram, and roughly determine the phase and gain margin, for each of the 
following choices of G{z) and H(z). You may find it useful to determine the values 
ofaj for which either \G{e ji »)HU jtli )\ = \GT<G{e* m ) * -ir. 



(a) H{z) = z~ l ,GU) - j 

(b) H{z) = ^ri.Giz) = \ 



(e) H(z) = X, C(<;) - 



(d) m& = ^ ctz) = i 



(0 //<0- 774. <?<*)= ]-§*"' 

(g) tffc) = r^r.GU) = 1 
(h) //<;) = ^.G(z) = ^"' 

{Afofty.- Your sketch far part (h) should reflect the fact that, foithis feedback system, 
G(z)tf(z)hasapoteatz = 1; what are the values of <G{e^)H(e fti> ) for e f< * just 
on either side of the point z = 1?) 



ADVANCED PROBLEMS 

11.32. (a) Considerthe feedback system of Figure 11 J 0(b) with 
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Assume that there is no pole-zero cancellation in the product GU)Ef(s). Show 
that the zeros of che closed-loop system function consist of the zeros of M(s) 
and the. poles of <3{s) . 

(b) Use the result of part (a) together with the appropriate property of the root 
locus to confirm that, with K = 0\ the closed-loop system zeros are the zeros 
of H(s) and the closed-loop poles are the poles of H(s). 

(c) Wnjle it is usual for H(s) and G(s) in eq. (PI 1.32-1) to be in reduced form 
[i.e., the polynomials N|{j) andZ> ( (j) have no common factors, and the same 
is true of JVits) and Did)], it may happen that Ni{s) and Di(s) have common 
factors or NiU) &od f>i(i) have common factor. To see what occurs Tvhen 
such common factors are present, let p{s) denote the greatest common factor 
of N2U) and D t {3). That is, 

^ ffld ^ 

are both polynomials and have no common factors. Similarly, 

^> a nd ^ 

are polynomials and have no common factors. Show that the closed-form sys- 
tem function can be written as 



where 



H{s) 



1 -+ KG(s)H(s} 



(PI 1.32-2) 



" iS} DdsVgis) 
and 

a . = N 2 (sy q (s) 

Therefore, from eq. (PI 1.32-2) and part <a), we see that the zeros of Q(s) are 
the zeros of p(j). the zeros of His\ and the poles of G(s), while the poles of 
Q(s) are the zeros of q(s) and the solutions of 

1 + KG{s)fl(s) = I). (PI 1.32-3) 

By construction, there is no pole-zero cancellation in the product C(*)//(.f), and 
thus h we can apply the root-locus method described in Section t L.3 to sketch 
the locations of the solutions of eq, (PH. 32-3) as K is Varied. 
(d> Use the procedure outlined in part (c) to determine the closed-loop zeros, any 
closed-loop poles whose locations are independent of K. and the locus of the 
remaining closed-loop poles for K > when 

"<*■ <■ + 4;,'+ 2) ' ^-JTT- 
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(e) Repeat part (d) for 

l + z~ [ z~ [ 



2- 



(f) Let 






(i) Sketch the root locus for K > and for JiT < 0, 

(ii) Find all the values of K for which the overall system is stable, 

(iii) Find the impulse respense of the closed-loop system when K = 4. 

1 1 ,33. Consider the feedback system of Figure 1 1 . 10(a), and suppose that 



ir- I 

where m > n, 5 In this case G(s)H(s) has m ~ n poles at infinity (see Chapter 9), 
and we can adapt the root-locus rules given in the text by noting that [1 > there are 
m branches of the root locus and (2) for K = 0, all blanches of the root locus begin 
at pole* of G(s)His), m — rt of which are at infinity. Furthermore, as \K\ — * =s these 
branches converge to the m zeros of G{&)H{$\ namely, fi , fi lt .. ., f5 m . Use these 
facts to assist you in sketching the root locus (for K > and for A' < 0) for each 
of the following: 
(o) G(s)H(s) = s - 1 

{b) C(j)ff(0 = (J + D(J + 2) 
(c) GU)HU) - tili^iiil 

11.34. In Section 1 1 3 T we derived a number of properties that can be of value in deter- 
mining the root locus for a feedback: system. In this problem, we develop several 
additional properties. We derive these properties in terms of continuous-time sys- 
tems, but, as with aJl root-locus properties, they hold as well for discrete-time root 
loci. For our discussion of these properties, we refer to the basic equation satisfied 
by the closed-loop poles, namely, 

G{s)H{$) = -i p (PI 134~U 



^Kote Ltialtur a (.oniinuoQ^-iJmE system h the cantiitiun m > n implies that the system with syst cm func- 
tion G(s)M(.v'} involves differentiation of the mput (In fact, the inverse triform oFG{s)H(.i) includes singu- 
larity fuiittiuna up to the order m - rt,j In discrete time, if G(z)HU). written as a ratio of polynomial in z. has 
m > n, it is necessarily the system function of a noiKausal system. [In fact, the inverse transform o({iizlHiz\ 
has u. noiizcra value at dme fl - m < 0.] Thus the case considered in thii probiem is actually of interest only 
for continuous-Time systems. 
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where 



G(s)Hte) = 



Y[{s - f$ k ) ^b k s* 
*=j _ fr=i 



(Pll.34-2) 



$m 




Figure PT 1.34 



Throughout this problem, we assume that m ^ rt> 

(a) From Property 2, we know that n — m branches of the root locus go to ze- 
ros of G{s)H{s) located at infinity. In this first part, we demonstrate that it is 
straightforward to determine the angles at which these branches approach in- 
finity. Specifically, consider searching the remote part of the s-plane (i.e., the 
region where \s\ is extremely large and far from any of the poles and zeros of 
G(s)H(s)]. This region h illustrated in Figure Pll 34 r Use the geometry of the 
picture, together with the angle criterion i or K > and for K < 0, to deduce 
that: 



* For K > 0, the n - m branches of the root locus that approach infinity do so 
at the angles 



(2*+ 1)7T 



rc — m 



k = 0, 1,..., n - m- 1. 
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• For Jf < 0, the « - w branches of the root locus thai approach infinity do sq 
at the angles 

-, Jt = h I, . . . , n — m - 1. 

n - m 

Thus, the branches of the root locus that approach infinity do so at specified angles 
that are arranged symmetrically. For example, for n — m — 3 an J K > T we see 
that the asymptotic angles are tt/3 t *r, and 5^/3 The icsuhnf part (a), together with 
one additional fact, allows us to draw in the asymptotes for the branches of the root 
locus that approach infinity. Specifically, ail of the n — m asymptotes intersect at a 
single point on the real axis. TTiis is derived in the nest part of the problem. 
(b> (i) As a first step, consider a general polynomial equation 

S + fr-f ' + - ■ + A Mj - CiX* ' fe) " " ' U- £ t - 0. 
Show that 

(ii) Perform long division on i/G{s)H{$) to write 



Show that 

ft n 

1 = 1 i-J 

[Seeeq.(P11.34-2)J 
(iii) Argue that the solution of eq. (Pi 1 ,34- 1) for large s is an approximate 
solution of the equation 

j^ + T^-ij"-" 1 -' +y a - m - 2 s R - m - 2 + - +yo + £ = 0, 

tfv) Use the results of (iMiii) to deduce that the sum of the n — m closed- loop 
poles that approach infinity is asymptotically equal to 

km i - a„-i. 
Thus, the center of gravity of these n - m poles is 

n — m 

which does not depend on K. Consequently, we have n - m closed-loop 
poks that approach \s\ = * at evenly spaced angles and that have a center 
of gravity that is independent of K, From this, we can deduce that: 
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The asymptotes of the a — m branches of the root locus that approach 
infinity intersect at the point 

n m 



n - m n - m 

This point of intersection of the asymptotes is the same for K > and 
K <0. 
(c) Suppose that 

1 



G{s)H{s) = 



(* + 1)(* + 3)(j + 5)' 



(l> What are the asymptotic angles for the ck>sed4oop poles that approach 

infinity for K > and for K < 0? 
(ill What is the point of intersection of the asymptotes? 
(iii) Draw in the asymptotes, and use them to help you sketch the root loons 

for K> and for K < 0. 
(d) Repeat part (c) for each of the fallowing; 
(i) Gts)HU) = ^^_ 

(ii) G($)H(s) = 1 

l 



(iv) G(5)ff W - ^TTT? 
(vii) G(j)//<j) = 



3 + 1 



(j+iooKj-iXa-^ 

(e) Use the result of part (a) to explain why the folic* wing statement is true: For 

any continuous-time feedback system, with G{s)H{s) given by eq. (P 1 1 .34- 
2), if n - m > 3 t we can make the closed-loop system unstable by choosing 
\K\ large enough. 

(f) Repeat part (c) for the discrete-time feedback system specified by 

G(z)H{z) = 



<1-e'')(H-^-') 

(g> Explain why the following statement is true: For any discrete-time feedback 
system with 

if n > m, we can make the closed-loop system unstable by choosing \K\ Large 
enough, 

1L35. (a) Consider again me feedback system of Example 11.2: 

(j + 1){j + 2) 
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The root locus f or K < is plotted in Figure 1 L 14(b), For some value of K, 
the closed- loop poles are on the jtu-axis. Determine this value of K and the 
corresponding locations of the closed-loop poles by examining the real and 
imaginary parts t>f the equation 

which must be satisfied if the point s = joj is on the toot locus for any given 
values of K. Use this result plus the analysis in Example 1 1.2 to tind the full 
range of values of K {positive and negative) for which the closed-loop system 
is stahle. 
(b) Note that the feedback system is unstable for \K\ sufficiently large. Explain 
why this is true in general for continuous-time feedback systems for which 
G\s)H{s) has a zero in the right- half plane and for discrete-time feedback sys- 
tems for which G(z)H(z) has a zero outside the unit circle. 

11.36, Consider a continuous-time feedback system with 

G(s)i/(s) = ( ^1, - ^ V (P1 1.36-1) 

(a) Sketch the root locus for K > and for K < O. {Hint: The results of Problem 
11,34 are useful here.) 

(b) If you have sketched the locus correctly, you will see that for K > u T two 
branches of the root locus cross the jem-axis, passing from the left-half plane 
into the right-half plane. Consequently, we can conclude that the closed-loop 
system is stable for < K < K$, where Kq is the value of the gain for which 
the two branches of the root locus intersect the jut-axis. Note that the sketch 
of the root locus does not by itself tell us what the value of K$ is or the exact 
point on the jui-axis where the branches cioss> As in Problem 11.35, deter- 
mine Jtfl by solving the pair of equations obtained as the real and imaginary 
parts of 

G<jw)H{jo>) = ~. <P1U6-2> 

Aft 

Etetermine the corresponding two values ofa> (which are the negatives of each 
other, since poles occur In complex-conjugate pairs). 

From your root-locus sketches in part (a) t note chat there is a segment 
of the real axis between two poles which is on the root locus for K > 0, and 
a different segment is on the locus for K < 0. In both cases, the root locus 
breaks off from the real axis at some point. In the next part of this problem, we 
illustrate how one can calculate these breakaway points. 

(c) Consider the equation denoting the closed-loop poles: 

G(j)//(j) = L (P1L36-3) 
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Using eq. (P11.36— U, show that an equivalent equation for the closed loop 
poles is 

P U) = i 1 + 3,r + 2s = -K. (PI 1.36-4^ 

Consider the segment of the real axis between and - I . This segment is on 

the root locus for K S: Q. For K = 0, two branches of the locus begin at and 

- 1 and approach each other as K is increased. 

(i) Use the facts stated, together with eq. (PI 136-4), to explain why the 
function p(s) has the form shown in Figure PI 1 .36(a) for — 1 ^ s ^ 
and why the point s+ where the minimum occurs is the breakaway point 
(i.e., it is the point where the two branches of the K > locus break from 
the segment of the real axis between —1 and 0). 

Similarly, consider the root locus for K < and, more specifically, 
the segment of the real axis between — 1 and - 2 that is part of ihis locus. 
For K = t two branches of the root locus begin at - 1 and -2. and as K 
is decreased, these poles approach each other. 

(ii) In an analogous fashion to that used in part (i), explain why the function 
p(s) has the form shown in Figure PI 1 ,36(b) and why the point s~ where 
the maximum occurs is the breakaway point for A" < 0. 

Thus, the breakaway points correspond to the the maxima and min- 
ima of p{ s) as j ranges over the negative real line, 

(iii) The points at which p(s) has a maximum or minimum are the solutions 
of the equation 

dpis) 



ds 



= 0. 



Use this fact to find the breakaway points $+ and s~, and then use eq. 
(PU36-4no find the gains at which these points are closed-loop poles. 

In addition to the method illustrated in part (c), there are other, partially 
analytical, partially graphical methods for determining breakaway points. It is also 
possible to use a procedure similar to the one just illustrated in pan (c) to find the 
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bl break-m" points, where two branches of the toot locus merge onto the real axis. 
These methods plus the one illustrated are described Ln advanced lexts such as 
those listed in the bibliography at the end of the book. 

11.37. One issue that must always be taken into account by the system designer is the 
possible effect of unmodeled aspects of the system one is attempting to stabilize or 
modify through feedback. In this problem, wc provide an illustration of why this 
is the case. Consider a continuous-time feodback system, and suppose that 

H{s) - — !- (PM.37-1) 

and 

G(s) = K. (PI 1.37-2) 

(n) Use rooMocus techniques to show that the closed-loop system will be stable if 
K is chosen large enougb. 

(b) Suppose that the system we are trying to stabilize by feedback actually has a 
system function 

The added factor can be thought of as representing a first-order system in cas- 
cade with the system of eq. (PI 1.37-1 ). Note that the time constant of the 
added first order system is extremely small and thus will appear to have a step 
response that is almost instantaneous. For this reason, one often neglects such 
factors in order to ubtain simpler and more tractable models that capture all of 
the important characteristics of the system. However, one must still keep these 
neglected dynamics in mind in obtaining a useful feedback design. To see why 
this is the case, show that if G<s) is given by eq <P1 1 .37-2) and H(s) is as in 
eq. (PI 1.37-3), then the closed-loop system will be unstable if K\s chosen too 
large. Hint: See Problem U.34. 

(c) Use root-locus techniques to show that if 

Gte} = K{s + 100), 

tben the feedback system will be stable for aJl values of K sufficiently large it 
His) is given by eq. (PU.37-L) or eo,. (PU.37-3). 

11.38, Consider the feedback system of Figure ] l,3(b> with 

ma = t Kz ^- 

1 - z ' 
and 

G(z).^ 1 -az~ { . 

(a) Sketch the root Ickjus for K > and K < when a - 1/2. 

(b) Repeat part (a) when a - - 1/2, 
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(c) With a =■ - 1/2, find a value of K for which the closed-loop impulse response 
is of the farm 

(A 4 Bn)a" 

for some values of the constants A, B t and a, with |or| < 1. {Hint: What must 
the denominator of the closed-loop system function look Like in this case?) 

1139. Consider the feedback system of Figure PI 1 39 with 



Hiz) = 



1 



1 - J~ i' 



G(z) = K. 



(Pll.39-1) 



x[n] 



*> 



en 
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Figure P1 1.39 



(a) Plot the root locus for K > 0. 

<b) Plot the root locus for K < 0. (Ne/e. Be careful with this root locus By ap- 
plying the angle criterion on the real axis, you will find that as K is decreased 
from zero, the closed loop approaches z = +■=* along the positive real axis and 
then returns along the negative real axis from z = -*, Check that this is in 
tact the case by explicitly solving for the closed-loop pole as a function of K. 
At what value of K is the pole at | ;| = »7) 

(c) Find the full range of values of K for which the closed-loop system is stable, 

(d) The phenomenon observed in part (b> is a direct consequence of the fact that 
in this example the numerator and denominator of G< ;)//(;) have the same 
degree. When this occurs in a discrete-time feedback system, it means that 
there is a delay- free loop in the system. That is, the output at a .given point in 
time is being fed back into the system and in turn affects its own value at the 
same point in lime. To see that this is the case in the system we are considering 
here, write the difference equation relating vf«l and e\n\. Then write e[n] in 
terms of the input and output for the feedback system. Contrast tbis result with 
that of the feedback system with 



ffU)- 



1 



1 - 1 '" 



Git) = K 



-i 



(Pi 1.39-2) 



The primary consequence of having delay -free loops is that such feed- 
back systems cannot be implemented in the form depicted. For example, 
for the system of eq. {P1 1.39—1), we cannot first calculate e\n] and then y[n], 
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because e[n] depends on y\n\. Note that we tan perform (Jus type of calcula- 
tion for the system of eq (PI 1 39-2) t since e[n] depends on y[n - 1]. 
(e) Show that the feedback system of eq. (PI 139-1) represents a causal system, 
except fur the value of K for which the closed-loop pole is at \z\ = «. 

11,40, Consider the discrete-time feedback system depicted m Figure PI 1.40. The system 
in the forward path is not very well damped, and we would like to choose the 
feedhatk system function so as to improve the overall damping. By using the root- 
locus method, show that this can be done with 

G(z) = 1- *z '. 



<(Z T 



z 8 z + 64 



GW 



■*- y[n] 



Figure PI 1.40 



Specifically, sketch the root locus for K > T and specify the value of the gain K 
for which a significant improvement in damping is obtained. 
11 Al, (a) Consider a feedback system with 



H{z) = 



z + 1 



z 2 + z f 



Gte> = 



- r 



(i) Write the closed-loop system function explicitly as a ratio of two polyno- 
mials. (The denominator polynomial will have coefficients that depend 
on£.) 

(ii) Show that the sum of the closed- loop poles is independent of K. 
(h) More generally, consider a feedback system with system function 



G{ Z )H{z) = K 



*" +&»-!*'■ 



■ja— I 



+ 



+ £>o 



z n + tf # ,-iz*- 1 +■■■ +a 



Show that if m ^ n - 2, the sum of the closed-loop poles is independent of K. 
11.42. Consider again the discrete-time feedback system of Example 1 1.3: 



G(z)H(z) = 



U-i)U--h 



2 /vo 4 

The root loci for K > and K < are depicted in Figure 11.16. 
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(a) Consider the root locus for K > u\ In this case, the system becomes unstable 
when one of the closed-loop poles is less than or equal to - I Find the value 
aVK for which z = - 1 is a ctnsecHoop pole. 

(b) Consider the root locus fur K < In this case:, the system becomes unstable 
when one of the closed-loop poles is greater than or equal to 1 . Fjnd the value 
of K for which z = 1 is a closed-loop pole. 

(c) What is the full range of values of AT for which the closed-loop system is stable? 

11.43- Consider a discrete -time feedback system with 

Giz)H(z) = J 



z(z- 1) 

(a) Sketch the rout locus for K > and for K < 0. 

(b) If you have sketched the root locus correctly For K 7> 0, you will see that the 
two branches of the mot locus cross and exit from the unit circle. Consequently, 
we can conclude that the closed-loop system is stable for < A" < K#, where 
/f ( > is the value of the gain for which the two branches intersect the unit circle. 
At what points on the unit circle do the branches exit from it? What is the value 
offfo? 

11*44, As mentioned in Section 11 A the continuous-time Nyquist criterion can be ex- 
tended id allow for poles of G(s)ff<i) on the ja-axis. In this problem, we will 
illustrate the general technique for doing this by means of several examples. Con- 
sider a continuous-time feedback system with 

G(s)H(s) = -r^-jr. (PI 1-44-]) 

sis + i ) 

When G{s)H(s) has a pole at s. = 0, we modify the contour of Figure 11.19 by 
avoiding the origin. To do this, we indent the contour by adding a semicircle of 
infinitesimal radius c into the right-half plane. [See Figure PI 1.44(a). 1 Thus, only 
a small part of the right-half plane is not enclosed by the modified contour, and 
its area goes to zero as we let e —* 0. Consequently, as M — * » the contour will 
enclose the entire right-half plane. As in the text, G(s)H{s) is a constant {in this case 
zero) along the circle of infinite radius, Thus T to plot G{x)H{s) along the contour, 
we need only plot it for the portion of the contour consisting of the yaj-axis and the 
infinitesimal circle. 



(a) Show that 



and 



<G(j^)H(jO+) = -| 



<G{jO-)H(jQ-) = |, 



where j = jO~ is the point where the infinitesimal semicircle meets the jw- 
axis just below the origin and s = /0 + is the corresponding point just above 
the origin, 
(b) Use the result of part (a) together with eq. <P11 44—1) to verify that Figure 
Pll_44(b) is an accurate sketch of G(s)fi{s) along the portions of the contour 




t>>= i« 




<ft, 
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from -/co to J0~ and jO T to ;» In particular, check that <G(jio)H(jw) and 
|G( jwWi jm)| behave in the manner depicted in the figure, 
(c) All that remains to be done is to determine the plot of G(s)rY(s) adong the 
small semicircle about j - 0, Note that as c — * 0, the magnitude of G(j)f/(j) 
along this contour goes to infinity. Show that as c * 0, the contribution of the 
pole at s = — 1 to <.G{s)H[$") along the semicircle is zero. Then show that as 

<C(s)tf(s> = -e t 

where B is as defined in figure Pi 1.44(a). Thus, since B varies from -tt/2 at 
s = j'O to -fu/2 at r = j0~^ in the counterclockwise direction, <C(j)//{j) 
must go from + tt/2 at j = yo + to — ?r/2at£ *= /0 + in the clockwise direction. 
Hie result is the complete Nyquist plot depicted in Figure PI 1.44(c). 




(c) 



Figure PI 1 .44 Gotttinttol 
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(d> Using the Nyquist plot of Figure PI 1. 44(c), find the range of values of K 
for which the closed-loop Feedback system is stable. (Note: As presented in 
the text, the continuous- time Nyquist criterion states that, for closccMoop sys- 
tem stability, the net number of clockwise encirclements of the point -X/fC 
must equal minus the net number of right-half plane poles of G(s)H{s). In the 
present example, note that the ptfle of G{s)H(s) at s = is outside the modi- 
tied contour. Consequently, it is not included in counting the poles of G(s)H{s) 
in the right-half plane li.e, T only poles of G(s)//(j) strictly inside the right -half 
plane are counted in applying the Nyquist criterion!. Thus, in this case, since 
G(s)H(s) has no poles strictly inside the right-half plane, we must have no 
encirclements of the point s = -]JK for closed-loop system stability.) 

(e) Follow the steps outlined in parts (aHc) to sketch the Nyquist plots for each 
of the following; 
(i) G(s)H(s) = Sf^ii 

(iii) G(s)H(s) = 4j [be careful in calculating <G(s)H{s} along the infinites- 
imal semicircle] 
(iv) G(s)H{s) — ~^z [be careful in calculating <G(j<u )//(/&») as w is- var- 
ied; make sure to lake the minus sign in the denominator into account] 
(v) G(x)H(s) = ^ [same remark as for (iii)] 

In each case, use the Nyquist criterion to determine the range of values of K 
(if any such range exists) for which the closed- loop system is stable. Also, use 
another method (root locus or direct calculation of the closed-loop poles as a 
function of K) to provide a partial check of the correctness of your Nyquist 
plot. [N&re; In sketching rJie Nyquist plots, you may find it useful to sketch the 
Bode plots of G(s)H(s) first. It may also be helpful to determine the values of 
& for which G[jai}H{Jtit) is real] 
<f> Repeat part (e) for: 
(i) G(s)tt( s ) = ^L_ 

(ii) G(s)H(s) = jr± 

Note: In these cases there are two poles on the imaginary axis; accordingly, 
you will need to modify the contour of Figure 11.19 to avoid each of them. 
Use infinitesimal semicircles, as in Figure Pi I r 44(a). 

11 A5. Consider a system with system function 

*< J) = t xli ->Y (PI 1.45^1) 

Because this system is unstable, we wouid like to devise some method for its sta- 
bilization, 

(a) Consider first a series compensation scheme as illustrated in Figure PI 1 .45(a). 
Show that the overall system of this figure is stable if the system function 

*> - Kt 

In practice, this is nor considered to be a particularly useful way to attempt to 
stabilize a system. Explain why. 



Chap. 11 Problems 



88* 



K<t) * 



C{*> 



H(S> 



— *-m 



w 



*(t> 



:©. 



C(s) 



ma; 



y(t> 



tb) 
Figure P1 1 .45 

(b) Suppose that instead we use a feedback system* as depicted in Figure P 1 1 .45(b). 
[s it possible to stabilize this system using a constant gain, that is, 

C{s) = K, 

for the stabilizing element? Justify your answer using Nyquist techniques. 

(c) Show that the system of Figure PI 1 .45(b) can be stabilized ifC(s) is a propor- 
tional plus derivative system — that is. if 

C\s) = K(s + a). 

Consider both the case < a < 1 and the case a > 1 . 
(d> Suppose ihat 

C{s) = K{s + 2), 

Choose the value of K such that the closed-Imp system has a pair of complex 
poles with a damping Fatio £ = 1/2. {Hint: U this case, the deoonunator of the 
ctosed-hxip system must have the form 

S 2 + £0 B J + &>J 

for some value of &# > 0,) 
(e) Pure derivative compensation is both impossible to obtain and undesirable in 
practice. This is because the required amplification of arbitrarily high frequen - 
cies neither can be obtained nor ii advisable, as all real systems are subject to 
some level of high-frequency disturbances. Thus, suppose thait we consider a 
compensator of the foot* 



c «-*i£S 



a,b > 0. 



<P 1 1.45-2) 
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If h < a t this is a lag network. <C{j<jj) < for all w > 0, $n that the phase 
of the output of the system lags the phase of the input If b > a t <C{j<jj) > 
for all <o > 0, and the system is then tailed a lead network. 
(1) Show thai it is possible to stabilize the system with the lead compensator 



C{s) = K 



111 
t + 2 



(P1 1.45-3) 



if A!' is chosen large enough, 
(it) Show that it is not possible to stabilize the feedback system of Figure 
P II, 45(b) using the lag network 



C{s) = K 



j + 3 



Hint: Use the results of Problem 1 1 ,34 in sketching the root locus. Then 
determine the points on the jttt-axi& that are on ihe noot lotus and the 
values of K for which each of these points is a closed-loop pole. Use this 
information to prove that for no value of K arc all of the closed-loop poles 
in the left-half plajie. 

11.46. Consider the continuous- time feedback system depicted in Figure PI 1.46(aj. 
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(a) Use the straight- liia-e approximations to Bode plots developed in Chapter 6 to 
obtain a. sketuli of the Log magnitudc-pha&e plot of this system. Estimate the 
phase and gain margins from your plot. 

(b) Suppose that there is an unknown delay within the feedback system, so that 
the actual feedback system is as shown in Figure PI 1.46(b). Approximately 
what is the largest delay t that can be tolerated before the feedback system 
becomes unstable? Use your results from part (a) for this calculation. 

tc) Calculate mere precise values of the phase and gain margins, and compare 
these iv your results in part (a). This should give you some idea of the size of 
the errors that are incurred in using the approximate Bode plots. 

11*47, As mentioned at the end of Section 1 1 .5, the phase and gain margins may provide 
sufficient conditions to ensure that a stable feedback system remains stable. For 
example, we showed that a stable feedback system will remain stable as the gain 
is increase^ until we reach a limit specified by the gain margin. This does nor 
imply (a) that the feedback system cannot be made unstable by decreasing the 
gain or (b) that the system will be unstable for ail values of gain greater than the 
gain margin limit. In this problem, we illustrate these two points, 
(a) Consider a continuous-time feedback: system with 

G{s)H(s) = ! 



Ci-1Xs + 2)(. f + J)' 



Sketch the root locus for this system for K > 0. Use the properties of the root 
locus described in the text and in Problem 11,34 to help you draw the locus 
accurately. Once you do so, you should see that for small values of the gair. 
K the system is unstable* for larger values of K the system is stable, while 
for still larger values of K the system again becomes unstable. Find the range 
of values of K for which the system is stable. Hint: Use the same method as 
is employed in Example 1 1.2 and Problem 11.35 to determine the values of 
K at which branches of the root locus pass through the origin and cross the 
/ra-axis. 

If we set our gain somewhere within the stable range that you have just 
found, we can increa.se the gain somewhat and maintain stability, but a large 
enough increase in gain causes the system to become unstable. This maximum 
amount of increase in gain at which the closed-loop system just becomes un- 
stable is the gam margin. Note that if we decrease the gain too much, we can 
also cause instability, 
(b) Consider the feedback system af part (a) with the gain K set at a vahje of 7 
Show that the closed-loop system is stable. Sketch the log magnitude-phase 
plot of this system, and show that there are two nonnegative \alues of w 
fox which <G{jto)H(jto) — it. Further, show that, for one of these values 
7\G(.jw)H{jto)\ < I, and for the other 7\G(jw)H(jta)\ > 1, The first value 
provides us with the usual gain margin — that is, the factor ]/\7G(juf)H(jiii)\ 
by whveh we can increase the gain and cause instability The second provides 
us with the factor lf\7G{w)H{jw)\ by which we can decrease the gain and 
just cause instability. 
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(c) Consider a feedback system with 



««» - <&& 



Sketch the root locus for K > 0. Show that two branches of the root locus begin 
in the left-half plane and, as A is increased, move into Che right-half plane and 
then back into the left-half plane. Do this by examining the equation 

G(>W(» = — I 
A. 

Specincally H by equating the real and imaginary parts of this equation, show 
that there are two values of K s for which the closed-loop poles lie on the 
ju>-axis. 

Thus, if we set the gain at a small enough value so that the system is sta- 
ble, then we uan increase the gain up until the point at which the iwt> benches 
of the root locus intersect the yw-axi& For a range of values of gain beyond this 
point, the closed-loop system is unstable. However, if we continue to increase 
the gain, the system will again become stable for A" large enough, 
(d) Sketch the Nyquist plot for the system of part (c). and confirm the conclusions 
reached in pari (c) by applying the Nyquist criterion. (Make sure to count the 
net number of encirclements of — UK.) 

Systems such as that considered in parts (c) and (d) of this problem are 
often referred to as being cenditionajjy stable systems, because their stability 
properties may change several times as the gain is varied. 

11.48. In this problem, we illustrate the discrete-time counterpart of the technique de- 
scribed in Problem 11.44. Specifically, the discrete-time Nyquist criterion can be 
extended to allow for poles of G{z)H(z) on the unit circle. 
Consider a thscrete-time feedback system with 

G(z)H(z) = -j-^r - ~~Tv (PH- 48-1) 

1 - z l z{z — 1) 

In this case, we modify the contour on which we evaluate G{z)M{z\ as illustrated 
in Figure PI 1.48(a). 

(a) Show that 

and 

<G{e j2ir ~)H{e j2lT ~) = y, 

where z = e f2iT is the point below the real axis at which the smalt semicircle 
intersects the unit circle and z = €*** is the corresponding poinL above the ieaJ 
axis. 

(b) Use the results of part (a) together with eq, (Pll.48^1) to verify that Fig- 
ure P1 1.48(b) i> an accurate sketch of G(z)H{z) along the portion of the 
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(a) 
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Figure PI 1.48 
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contour z = e J ™ as qj varies from + to 2tt~ in a counterclockwise direc- 
tion. In particular, verify that the angular variation of Cie' 41 )//^) is as 
indicated. 
tc> Find the value of w for which <GW)H(e Jcj ) = - it, and verify that 

{G[e^)H{e^\ = 1 

iit this point. {Hint: Use the geometrical method for evaluating <G(e ia> )H {****) 
together with some elementary geometry to determine the value of <&,] 

(d) Consider nex; the plot of G{z)M{z) along the small semicircle about z = 1 
Note that as € -* 0, the magnitude of G{zW{z) along this contour goes to in- 
finity. Show that as e — * t the contribution of the pole at z - to <G( £)//(£) 
along the semicircle is zero. Then show that ase-*0 r 

where $ is as defined in Figure PI 1 .4S(a) h 

Thus, since 8 varies from - tt/2 to +Trf2 in the counterclockwise direc- 
tion, <G{z)H{z) varies from + ir/2 to —it/2 in the clockwise direction. The 
result is the complete Nyquist plot of Figure PJ 1.48(c). 

(e) Using the Nyquist plot, find the range of values of K for which the closed- 
loop feedback system is stable* [Note: Since the pole of G{z)Miz) at z = I is 
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inside the modified contour, it is not included in counting the poles GtG{z}H(z) 
outside the unit circle. That is, only poles strictly outside the unit cirde are 
counted in applying the Nyquist criterion. Thus, in this case, since G(z)/7(-j 
has no poles strictly outside the unit circle, we must have no encirclements of 
thepoiniz = - \fK for closed-loop stability] 

(f) Follow the steps outlined in parts (a), (b), and (d) to sketch the Nyquist plots 
for each of the following' 

(ii) 

{i y ) \~--i$ [^ careful in calculating <G(z)H(z) along the infinitesimal semi- 
circle] 
For each of the preceding, use the Nyquist criterion to determine the range 
of values of K (if any such range exists) for which the closed-loop &y&tem is 
stable* Also, use another method (root locus or direct calculation of the closed- 
loop poles as a function of K) to provide a partial check of the correctness of 
your Nyquist plot. Note: In sketching the Nyquist plots, you may find it useful 
to first sketch the magnitude and phase plots as a function of frequency or at 
least calculate |G(e>)J/(^)J and <G(e J ")H{e J ") at several points. Also, it 
is helpful to determine the values of w for which G{e ,v )H(e jat ) is real. 

(g) Repeat part (f| for 

G(z)H(z) = l 



e--\' 



In this case there are two poles on the unit circle, and thus, you must modify 
the contour around each of these by including an infinitesimal semicircle that 
extends outside the unit circle, thereby placing the pole inside the contour. 

EXTENSION PROBLEMS 

11,49, In this problem, we provide an illustration of how feedback can be used to increase 
the bandwidth of an amplifier Consider an amplifier whose gain falls off at high 
frequencies. That is, suppose the system function of this amplifier is 

«w- Ga 



s + a 



(a) What is the dc gain of the amplifier (i.e., the magnitude of iu frequency re- 
sponse at frequency)? 

(b) What is the system time constant? 

(c) Suppose we define the bandwidth of the system as the frequency at which the 
magnitude of the amplifier frequency response is \fjl times its magnitude at 
dc. What is the bandwidth of the amplifier? 
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(d) Suppose we place the amplifier in a feedback loop as depicted in Figure 
PI 1.49. What is the dc gain of the closed-loop system? What are the time 
constant and the bandwidth of the closed-loop system? 

(e) Find the value of A' that leads to a closed-loop bandwidth that is exactly double 
the bandwidth of the open-loop amplifier. What are the corresponding closed- 
loop system time constant and dc gain? 



x(t). 



€> 



Ga 

e + a 



■*- Vft) 



Figure P1 1.49 



11,50. As mentioned in the text, an important class of devices used in the implementation 
of feedback systems is the class of operational amplifiers, A model for such an 
amplifier is depicted in Figure PI 1.50(a). The amplifier's input is the difference 



o+ 




v (t) 



Figure Pf 1 .50a 

between two voltages v 2 {t) and v\ (i), and the output voltage is an amplified version 
of the ijiput; that is, 



vM = K[toit) - Vl {f)l 



(PI 1.50-1) 



Consider an operational amplifier connection shown in Figure Pi 1 50(b). In 
this figure, Z\ (j) and Za(J) are impedances, (That is T each is the s>stem function of 
an LTI system whose input is the current flowing through the impedance element 
and whose output is the voltage across the element.) Making the approximation 
that the input impedance of the operational amplifier is infinite and that its output 
impedance is zero, we obtain the following relationship between V\(x\ VAs\ and 
V„(i-). the Laplace transforms of v,(i) t v f (t) t and v (i), respectively: 



V, = 



Z 2 {s) 



lZi{s) + Z 2 {s) \ 



ViU) + 



[Z l (s) + Z 2 (s) 



VM. (PI 1.50-2) 
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v<(t) 



o 



v,(t) 



o 



T^ 




o + 



v tt) 



Figure PIT 50b 

Also, from eq< (PH,5(M) and Figure P I 1.50(b}, we sec that 

V {x) = -JTV](s). (PI 1.50-3) 

(a) Show that the system function 

■» - s 

for the interconnection of Figure PI 1.50(b) is identical to the overall closed- 
loop system function for the system of Figure Pi 1 .50(c). 



w(t) 



Z a W 




Zi(«) + ZjW 





T> 




-K 








,+ 


















Zito 








z^suzys) 







Figure PI 1 .50c 



(b) Show that if K » 1, then 



//(*) - - 



Z 2 (J) 
Zi(j)" 



Vorft} 



11,51. (a) Suppose that in Figure Pit. 50(b) Z\is) and Z 2 (j) are both pure resistances, 
say, R\ and /?;>, respectively. A typical value for fr^/fl] is in the range 1 to 
10\ while a typical value for JiTis 10*. Using the results of Problem 11.50(a), 
calculate the actual system function for this value of K and for R 2 /R] equal to 
1 and then to 10\ and compare each resulting value to — R^/Ri . This should 
give you some idea of how good the approximation of Problem 11.50(b) 
typically is. 
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fb) One of the important uses of feedback is in the reduction of system sensitivity 
tn variations in parameters. This is particularly important for circuits involv- 
ing operational amplifiers, which have high gains that may be known only 
approximately. 
(0 Consider the circuit discussed in part (a), with It^/Ai — 10'- What is 

the percentage change in the closed-loop gain of the system if K changes 

from 10* ro5X 10^ 
(h) How large must K be so that a 50% reduction in its value results in only 

a \% reduction in the closed-loop gain? Again* take /?;//?! = I0 2 . 

11.52. Consider the circuit of Figure PI 1 .52, This circuit is obtained by using 

in Figure PI 1, 50(h). Using the results from Problem 1 1,50, show thai the system 
behaves approximately like an integrator. In what frequency range (expressed in 
terms of K, R, and C) does this approximation break down? 



v,(tl 




v (tj 



Figure PIT. 52 



11,53. Consider the circuit depicted in Figure PI 1 53(a), which is obtained from the circuit 
of Figure PI 1 50(b) by using Z\(s) = R and by replacing Z^(j) with a diode that 
has an exponential current- voltage relationship. Assume that this relationship is of 
the form 



iAO = Afe™^ 7 , 



<Pn.53-l) 



where M is a constant that depends upon the construction of the diode, q is the 
charge r>f an electron, k is Boltzmanns constant, and T is absolute temperature. 
Note that the idealized relationship of eq, (PI L53-1) assumes that there is no pos- 
sibility uf a negative diode current. Usually, there fr .some small maximum negative 
value of diode current, but we will neglect this possibility i* our analysis, 
(a) Assuming that the input impedance of the operational amplifier is infinite and 
that its output impedance is zero, show that the following relations hold: 



vM = vAO^RiAO + w(rt, 



{PI 1.53-2) 



vM> = fCWM)-vA0\. 



<PH.53-3) 
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v D (t: 



Figure PI 1.53a 



ih) Show that for K large, the relationship between v it {t) and v t {i) is essentially 
the same as in the feedback system of Figure PI 1 .53(b), in. which the system 
in the feedback path is a nonlinear memoryless system with input v (t) and 
output 

wij) = RM^ v " {tVkl . 

(c) Show that for K large. 






(P 11. 53-4) 



v,m 







-K 



w(t) 



ff(t)=RM8i^ /kT 



"M 



Figure PI 1.53b 



Note that eq. (PI 1.53-4) makes sense only for a negative \\{t\ which is con- 
sistent with the requirement that the diode current cannot he negative If a 
posnive v,(r) is applied, the current ijit) cannot balance the current through 
the resistor. Thus, a nonnegligible current is fed into the amplifier, causing it 
to saturate. 

11,54, In this problem, wc explore the use of positive feedback for generating oscillating 
signals 
(a) Consider the system illustrated in Figure PI 1, 54(a) Show that x f U) = x t (T)if 



Gis)H{s\ = -1. 



(Pll.54-1) 



Suppose that we connect terminals 1 and 2 in Figure PlL54(a) and make 
x t (t) - 0. Then the output of the system should remain unchanged if we 
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<b] 




Figure P1 1.54 



satisfy eq. (PI 1.54—1). The system now produces an output without any inpuc. 
Therefore, the system shown in Figure PI 1 ,M(ti) is an oscillator, provided that 
eq. (PI 1.54-1) is satisfied. 
(b) A commonly used oscillator in practice is thft sinusoidal oscillator. For such an 
oscillator, we may rewrire the condition of eq. (PI 1.54—1) as 



G(jv>fi}H(Jm) = -i. 



(PI 1,54-2) 



What is the value of the closed-loop gain for the system shown in Figure 
PI 1.54(b) at to whence. (Pi 1,54-2) is satisfied? 
(e) A sinusoidal o.scillator may be constructed on the basis of the principle out* 
lined above by using the circuit shown in Figure PI L54(ct. The input to the 




Zate) 



Figure PI 1,54c 
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amplifier is the difference between the voltages V|(r) and v^U) In this circuit, 
the amplifier has a gain of A and an output resistance of Rq. Z\ \s\ Z^j), and 
Z 3 (j) are impedances. (That is, each is the system function of an LT1 system 
whose input is the cunent flowing through the impedance element and whose 
output is the voltage across the element,) It can be shown that, for this circuit. 



where 

Z 2 (*){Z,(j) + Z 3 (i)> 



Z L = 



Z,fj) + Z^) + Z 3 (i)" 
Also, we can show that 

(i) Show that 



G{s)H{s) = 



ffo(Zj(j) + Z 2 <d + ZAs)) + ZrfjXZjfr) + Zj{j))' 



(Li) If Z|(j), Zzis), and Zj(j) are pure reactances (i.e. t inductances or ca- 
pacitances), we can write Z\{jtn) = jX\(j<*>), Z 2 (j^) = jX 2 (j^X *nd 
Z 3 {jti>) = jXi{jti>} t whora X,(jto) ± i = 1, 2, 3, are all real. Using the re- 
sults of parts (b) and (i), show that a necessary condition for the circuit to 
produce oscillations is 

Xi\ju>) - XjUw) + X 3 {j*>) = 0. 

(iii) Show/ also that, in addition to the constraint of part (ii), the constraint 
AX ^ jar) - Xzijw) has to be satisfied for the circuit to produce os- 
cillations. [Since Xi{jw) is positive for inductances and negative for 
capacitances, the latter constraint requires that Z\{s) and Z^s) be reac- 
tances of the same type (i.e. T both should be inductances or both should 
bo capacitances).] 

(iv) Let us assume that Z\\s) and Z 2 (s) are both inductances such that 

Xiijto) = XzO'u) = ^1* 

Let us also assume that 

X$(jt*) = -VK&C) 

is a capacitance. Use the condition derived in (ii) to determine the fre- 
quency (in terms of L and C) at which the circuit oscillates. 

11.55. (a) Consider the nonrecursive discrete-time LTlfilter depicted in Figure P1 1 .55(a), 
Through the use of feedback around mis nonrecursive system, a recursive 
filter can be implemented To do so, consider the configuration shown in 
Figure P11 .55(b), in which H(i} is the system function of the nonrecursive 
LTI system of Figure PI 1 .55(a). Determine the overall system of this feedback 
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system, and find The difference equation relating the input to the output of the 
overaJJ system. 



m 



D 



1^-** 



+- » 



c 2 



1 Cfl 



© -© 



CfJ 



-**(+) — *- vM 



(a) 



— ^ 



r^ » 


K 
















Hfc) 











FJgurePII.SS 

Ob) Now suppose that //<£> in Figure PI 1.55(b) is the system function of a leeur- 
sivq LTI system. Specifically, suppose that 



Sm- 1 



«U> = ^ 



2>' 

Show how one can find values of the coefficients ilT, c\ t . . TP qv, nt\dd 0t d#, 

such that the riose<Moap system function is 



ft 



X**"' 



Q(z) = 



i = 



i=G 



where the a, and fc, are specified coefficients. 
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Tn this problem, we have seen that the use of feedback, provides us» with alterna- 
tive implementations of LTI systems specified by linear constant-coefficient dif- 
ference equations. The implementation in part (a) T consisting of feedback around 
a nonrecursive system, is particnlarly interesting, as some technologies are ide- 
ally suited to implementing tapped delay-line structures <i,e., systems consisting 
of chains of delays with taps at each delay whose outputs are weighted and then 
summed). 

11.56. Consider an inverted pendulum mounted on a movable cart, as depicted in Figure 
PI 1,56. Here, we have modeled the pendulum as consisting of a massless rod of 
length L with a mass m attached at the end. The variable 0(0 denotes the pendu- 
lum's angular deflection from the vertical, g is gravitational acceleration, j(/) is 
the pesition of the cart with respect to some reference point, a(t) is the acceler- 
ation of the cart, and x(t) represents die angular acceleration resulting from any 
disturbances, such as gusts of wind. 




Figure PI 1.56 



Our goal in. this problem is to aflaly ze the dynamics of the inverted pendulum 
and, more specifically, to investigate the problem of balancing the pendulum by 
a judicious choice of the acceleration a{t) of the cart. The differential equation 
relating 8(r) f a(t) t and x(f) is 



L—7^- = £sin[0(r)] - fl <Ocos[0<Ol + Lx(t) 
at- 



(PI 1.56-1) 



This relation merely equates the actual acceleration of die mass along a direction 
perpendicular to die rod to the applied accelerations [gravity, the disturbance ac- 
celeration due to x(t), and the cart's acceleration] along this direction. 

Note that eq. (PH. 56-1) is a nonlinear differential equation. The detailed, 
exact analysis of the behavior of die pendulum requires that we examine this equa- 
tion; however, we can obtain a great deal of insight into the dynamics of the pendu- 
lum hy performing a linearized analysis. Specifically, let us examine the dynamics 
of the pendulum when it is nearly vertical [Le. T when 0(0 is small] In this case, we 
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can make the approximations 

sin[0(r)] - 0(t), cos[fr(r)] - 1^ (Pll 56-2) 

(a) Suppose that the cart is stationary [i.e.., a(f) = 0], and consider the causal LTI 
system with input x(t) and output 8(t) described by eq. (PI 1 56- 1 }, together 
with the approximations givenineq, {Pi 1,56-2 J, Find the system function for 
this system, and show that it has a pole in the right-half of the plane, implying 
that the system is unstable. 

ib) The result of part (a) indicates that if the cart is stationary, any minor angular 
disturbance caused by x[t) will lead to growing angular deviations from the 
vertical. Clearly, at some point, these deviations will become sufficiently large 
so that the approximations of eq, (PM-56— 2) will no longer be valid. At this 
point the linearized analysis is no longer accurate, but the fact that it is ac- 
curate for small angular displacements allows us to conclude that the vertical 
equilibrium position is unstable, since small angular displacements will grow 
rather than diminish. 

We now wish to consider the problem of stabilizing the vertical position 
of the pendulum by moving the cart in an appropriate fashion. Suppose we try 
proportional feedback — that is. 

Assume that 9{t} is small, so that the approximations in eq. (Pi 1,56-2) are 
valid. Draw a block diagram of the linearised system with 0(0 as the output, 
x(t) as the external input and a(t) as the signal that is fed baok. Show that 
the resulting closed-loop system is unstable. Find a value of K such that if 
*(r) = 5(0, the pendulum will sway backandforth in anundamped oscillatory 
fashion, 
(c) Consider using the proportional -plus-derivative (PD) feedback, 

<*) = KM) + K^. 

Show that one can find values of K\ and Jfj that stabilize die pendulum. In 
fact, using 

g - 9.8 m/sec 2 

and (Pll.56-3) 

L = 0.5 m, 

choose values of K\ and A'2 so that the damping ratio of the closed loop system 
is 1 and the natural frequency is 3 rad/sec. 

1137, In this problem, we consider several examples of the design of tracking systems- 
Consider the system depicted in Figure PI 1.57. Here, H p (s) is the system whose 
output is to be controlled, and H c (s) is the compensator to be designed Our objec- 
tive in choosing H c {$) is that we would like the output y{t) to follow the input x{t). 
In particular, in addition to stabilizing the system, we would also like to design the 
system so that the error e(t) decays to zero for certain specified inputs. 
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x(t) 






I 



d(t) 

H c (s) + 



H (s) 



t > v(t) 



Figure P1 1 .57 



(a) Suppose that 



(c> 



f*M = - 



Of 



s '*- a 



a *±o. 



fPI 1.57-1) 



Show thut if H t .{s) = K (which is known as proportional nr /* control), we 
tan choose K so as to stabilize the system and so chat e\ — > if j[(i) -5(0- 
Show that we cannot get £(/) — * if *(/ ) = u(t). 
(b) Again lei // p (j) be as in eq. (PI L57-1), and suppose that we use proportional- 
pi x us-integral (PI) control— that Js h 

Hjs) - K, + ^. 

Show that we can choose Ky and £; ^ a* t0 stabilize the systenv and we can 
also get e(t) — * Oif Jt(/> = tt{ t). Thus, the system can track a step J n fact, this 
illustrates a basic and important principle in feedback system design: To track 
a step [X(s) = \/s\* we need an integrator (l/j) in the feedback system. An 
extension of this principle is considered in the next problem. 
Suppose that 



1 \s - \y 



Show that we cannot stabilize this system with a PI controller, but that we can 
stabilize it and have it track a step if we use p roportionctl -plus integral -piui- 
dijferential (PID) control, i.e.* 

HAs) - # 1 + — + K*s. 
s 

11,58. In Problem I L57, we discussed how the presence of an integrator in a feedback 
system can make it possible far the system to track a step input with zero error 
in the steady state. In this problem, we extend the idea. Consider the feedback 
system depicted in Figure PI 1.58, and suppose that the overall closed-loop system 
is stable. Suppose also that 



*[]<■*■-£*> 



H(s) - - 



t: I 



n-1 
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H(s) 



■^y(t) 



Figure PI 1 .58 



where the rtt and 0* are given nonzero numbers and / is a positive integer. The 
feedback system of Figure PI 1.58 is often referred to a&nType J feedback system. 
fa) Use the final-value theorem (Section 9.5,10) to show that a Type 1 feedback 
system t^an track a step — that is, that 

e{t) -* if jc(0 = «(*)- 

lb) Similarly, show that a Type 1 system cannot track a ramp, hut rather, that 

e{t) -* a finite constant if x{r) = u-iU)- 

(c) Show that* for a Type 1 system, unbounded results ensue if 

x{t) = M-;(0 

with k > 2. 

(d) More generally, show that > for a Type I system: 
(i) e(t) -> Oif x(t) = u- k (t) with k ^ I 

(ri) e(t) —*■ a finite constant if x(t) = Uf... + u(0 
(iii) e(t) -> <*if *(r) = u- k (t) with* >/+ 1 

11.59. (a) Consider the discrete-time feedback system of Figure PI 1.59. Suppose that 

HW = ^T + Jy 



H(z) 



-¥(fi] 



Figure Ft 1,59 



Sh&w that this system chjl track a unit step in the sense that if x[n] = u[n], 
then 



lim e[n) = 0. 



(P 11.59-1) 



(b) More generally, consider the feedback system of Figure PI 1.59, and assume 
that the closed-loop system is stable. Suppose that H{z) has a pole at z = 1. 



Chap. 11 Problems 907 

Shov* that the system can track a unit step, [Hint: Express the transform EU) 
of e[n] in terms of H(z) and the transform of u[rt]> explain why all the poles 
of E(z) are inside the unit circle.) 
(c) The results of parts (a) and (b) are discrete- Li me counterparts of the results for 
continuous-time systems discussed im Problems 11.57 and 11.58. In discrete 
time, we can also consider the design of the systems that track specified inputs 
perfectly after a finite number of steps. Such systems arc known as deadbvat 
feedback systems . 

Consider the discrete-time system of Figure P1 1.59 with 

HU) = 



1 - ;-■' 

Show that the overall closed-loop system is a deadbeat feedback system with 
the property that it tracks a step input exactly after one step; lhat is, if x[n] = 
u[ri\ t then e[n] - T n ^ J. 
(d) Show that the feedback system of Figure P] 1 r 59 with 

1- l + 1,-2 



is a deadbeat system with the property that the output tracks a unit step per- 
fectly after a finite number of steps. At what time step does the error f \n] first 
settle to zero? 

(e) More generally, for the feedback system of Figure P1J .59. lind H{?) so that 
y[n] perfectly tracks a unit step for n ^ N and, in fact, so that 

N- J 

e[n] = ^Ta k S[n- k], (PI 1.59-2) 

Jt-U 

where the a, ar^ specified constants. Hint: Use the relationship between Hiz) 
and£(?) when the input is a unit step and e[n\ is given by eq. (P1 1.59-2). 

(f) Consider the system of Figure Pi 1 .59 with 




XI -£"')= 



Show that this system tracks a ramp. x[n\ = {n + \)u[n] exactly after two time 
steps. 

11.60, in this problem* we investigate some of the properties of sampled-dats feedback 
systems and illustrate the use of such systems. Recall from Section 11.2.4 that 
in a sample d-data feedback system the output of a continuous- time system is sam- 
pled. The resulting sequence of samples is processed b> a discrete-time system, the 
output of which is converted U> a continuous-time signal that in turn is fed back and 
subtracted from the external input to produce the actual input to the continuous- 
time system. 
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(a) Consider the system within dashed lines in Figure 11, 6(b)' This is a discrete 
time system with input e [»} and DUtpur pin]. Show that Jt is an LTI system. As 
we have indicated in the figure, we will let F(z) denote the system function of 
this system. 

(b) Show that in Figure 11.6(b) the discrete-time system with system function 
F(z) is related lo the continuous-time system with system function H(s) by 
means of a step-invariant transformation. That is t if s(t) is the step response of 
the continuous-time system and q[n] is the step response of the discrete-time 
system, then 



(c) Suppose that 



Show that 



q[/}} = s(f?T) for a)\ n. 



His) = — r j P CH*{.T}> 1. 



1 - £ '' 7 ' 

(d) Suppose that H(j)isas in part (c) andthatG(z) = K. Find the range of values 
of K for which the clused-loop discrete- time system of Figure 1 1 .6(b) is stable. 

(e) Suppose that 



1+1: 



Under what conditions on T can we find a value of K that stabilises the overall 
system"? Find a particular pair of values for K and T that yield a stable cbsed- 
loop system. Hint: Examine the root loeus T and find the values for which the 
poles enter or leave the unit circle. 
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A.1 JNTRODUCTTON 



The purpose of this appendix is to describe the technique of partial -fraction expansion. 
This tool is of great value in the study of signals and systems; in particular it is very 
useful in inverting Fourier, Laplace, or ^-transforms and in analyzing LTI systems de- 
scribed by linear constant-coefficient differential or difference equations. The method of 
partial-fraction expansion consists of taking a function that is the ratio of polynomials and 
expanding it as a linear combination of simpler terms of the same type. The determination 
of the coefficients in the linear combination is the basic problem to be soKed in obtaining 
the expansion. As we will see, this is a relatively straightforward problem in algebra that 
can be solved very efficiently with a bit of "bookkeeping." 

To illustrate the basic idea behind and rule of partial -fraction expansion, consider 
the analysis developed in Section 6.5.2 for a second-order continuous-rime LIT system 
specified by the differential equation 

(A.I) 



The frequency response of this system is 




0&0 2 + 

or, if we factor the denominator. 

Hi J ml — 




where 


ci){jta - c 2 y 


C| = -£<i} R +- 


UnJt Z -\. 



(A.2) 



(A3) 



Having H{ja)), we are in apesition to answer a variety of questions related to ihe 
system. For example, to determine the impulse response of tbe system, recall that for any 
number a withCJM s] < T the Fourier transform of 

jE](r) = ^'u(r) (A,5> 

is 

XiU<*) = ^~ . (AG) 

jw - a 

909 



910 Appendix 

while if 

j 2 tO = «*'u(r) T (A.7) 

then 

(j*> - a)* 

Therefore, if we can expand H(jca) as a sum of terms of the form of eq. (A.6) or 
(A.S) T we can determine the inverse transform of H(jto) by inspection. Fot example, in 
Section 6,5.2 we noted that when c\_ ^ c 2l H(jw) in eq T (A3) could be rewritten in the 
form 

In this; case, the Fourier transform pair of eqs. (AS) and (A.6) allows us to write down 
immediately the inverse transform of H{j<a) as 



hit) - 



J^j or , *>l 



C\ - Cz CI - C[ 



u(tl (A. 10) 



While we have phrased the preceding discussion in terms of continuous- time Fourier 
transforms, similar concepts also arise in discrete-time Fourier analysis and in the use of 
Laplace and ^-transforms. In all of these cases, we encounter the important class of rational 
transforms— that is, transforms that are ratios of polynomials in some variable. Also, in 
each ofthe.se contexts, we find reasons for expanding these transforms as sums of simpler 
terms such as in eq. (A.Q), in this section, in order to develop a general procedure for 
calculating the expansions, we consider rational functions of a general variable v\ that is h 
we examine functions of the form 

a n v" + ot n -\v n ■ +- . . . + <x\V + off, 

For continuous time Fourier analysis (jtut) plays the role of v, while for Laplace 
transforms that role is played by the complex variable s. In discrete-time Fourier analysis, 
v is usually taken to be e~ J{ ° T while for ^-transforms, we can use either z " 1 or z. After we 
have developed the basic techniques of partial-fraction expansion, we will illustrate their 
application to the analysis of both continuous-time and di.se rete-ti me LTI systems, 

A.2 PARTIAL-FRACTION EXPANSION AND COMTTNOUS-TIME SIGNALS 
AND SYSTEMS 

For our purposes, it is convenient to consider rational functions in one of two standard 
forms. The second of these, which is often useful in the analysis of discrete-time signals 
and systems, will be discussed shortly* The first of the standard forms is 

<*») - »-■>-' + V^ + .-. + M+Jii. (JU2) 
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In this form the sufficient of the highest order term in the denominator is 1, and the order 
of the numerator is at least one less than (he order of the denominator (The order of the 
numerator will be less than n - 1 if b» \ — O.) 

Tf we are given fi(v) in the form of eq. (A. 11), we can obtain a rational function of 
the form of eq. <A,12) by performing two straightforward calculations. First, we divide 
both the numerator and the denominator of M(v) by a n . This yields 

h\y) = : , iA,13) 

where 

*** a« 

__ «^-i a n - 2 
«>j i - , a n -2 = 

If m < n, /7(u) is called a strictly proper rational function, and in this case, letting 
ba = y v , b\ = y\ t .,. t b M = y m * and setting any remaining b's equal to zero, we see that 
H{v) ineq. (A,L3) is already of the form of eq H (A,\2)> In most of the discussions in this 
book in which rational functions are considered, we are concerned primarily with strictly 
proper rational functions. However, if H(v) is not proper (i.e., if m > n), we can perfonn 
a preliminary calculation that allows us to write H{v) as the sura of a polynomial in u and 
a strictly proper rational function. That is, 

Viv""' +b n - 2 v n ~ 2 + . .. + M + fr> {AA4] 

v n H- a n _iu n_l + . . . - a y v -+■ a§ 

The coefficients c^c > c m - n and £o ± £j b„-[ can be obtained by equating eqs. 

(A. 1 3) and (A. 1 4) and then multiplying through by the denominator. This yields 

y ffl i/ H + ,..-r'y|V + yo = & B -i"" _1 + ,.. + b l v + b ^ 

+ C^-nl/" + . . . + C Q )(v n + flja-iV" -1 + . , . + 0&). 

By equating the coefficients of equal powers of v on both sides of eq. (A. 15), we can 
determine the c'% and b*s in terms of the a& and y's + For example, if m = 2 and n = 1> 
so that 



rt M , 7av 2 + ?i* + yo „ , - v ^ 

//(Uj = - — > = C] V + t v o + 



*D 



theneq. (A. 15) become s 

y 2 ir + y^u + 70 - fth + (c|U + C[]Kv + «i) 

= ^o + t^ir +■ (co + fl]Ct^ + fli^o- 
Equating the coefficients of equal powers of v, we obtain the equations 

72 = £], 

7o = *o + fli Co- 



(A. 16) 
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The first equation yields the value of C], which can then be used in the second to solve for 
to, which in turn can be used in the third to solve for &q. The result is 

The general case of eq. (A.I 5) can be solved in an analogous fashion. 

Our goal now is to focus on the proper rational function G(y\ m eq. (A. 12) and to 
expand jf into a sum of simpler proper rational /unctions. To see how this can be done, 
consider the case of n = 3, so that eq. (A, 12) reduces to 

b 2 v 2 + biv + hy 
C{v) = -^ , . (A. 17) 

As a first step, we factor the denominator of G(v) in order to write it in the form 

ceo - „ »^ + *'" + *> (A ., 8) 

(V-p[)(u - P2KV- pi) 

Assuming for the moment (hat the roots p tj p 3 , and p 3 of the denominator are all distinct, 
we would like to expand G(v) into a sum of the form 

G{v) = -*i- + J±- + -*-. (A.19) 

The problem, then, is to determine the constants A ■, A^ and A 3 . One approach i& to equate 
eqs, (A,18) and (A.19) and to multiply through the denominator. In this case, we obtain 
the equation 

b?v l + b]V + h {> = AiO - pi)(u - p^) 

+ A 2 (u - p\)(v - pi) (A,20) 

+ A 3 (v- pi)(v-p2>, 

By expanding the right-hand side of eq. (A.20) and then equating coefficients of equal 
powers of v, we obtain a set of linear equations that can be solved for At, A 2r and Aj. 

Although this approach always works, there is & much easier method. Consider 
eq. (A.19) T and suppose that we would like to calculate A\ . Then, multiplying through 
'try v — pi, we obtain 

* v ~ PiJO(vJ — A\ + + . (A.2I) 

V— f>2 v - p 3 

Since pi> p> 7 and p 3 are distinct, the last two terms on the right-hand side of eq, (A. 21 ) 
are zero far v = p L , Therefore, 

M = [fv-piHJMJU*. (A.22) 

or, using eq. (A. 18), 

(pj -P2XPJ - pO 
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Similarly, 



M = E("-P2)G{u)]| w -„, = 



(P2~ P\)(P2 - Pi)' 

a r< w Ml klp\+ b\py + b$ 

(P3 ~ PlXpl ~ Pi) 

Suppose now that p\ = pi ^ pi\ that is, 

feat; 2 + b\v + 6 

°^ = 7 ^7 V 

(v - PlHv - p 5 ) 

In this case, we loot for an expansion of the form 



G(f) - 



+ 



+ ^' 



^-p, (u-pi) 2 V~P2 



<A.24> 
(A.25) 

(A.26) 

(A.27) 



(A.28> 



Here, we need the l,'(v— p x ) 2 term in order to obtain the correct denominator in eq. (A 26) 
when we collect terms over a least common denominator. We also need to include the 
l/(v - pi ) term in general. To see why this is so, consider equating eqs. (A.26) and f A. 27) 
and multiplying them through by the denominator of eu. (A. 36): 

b 2 v 2 + b]V -fc = Au(v - p])(v - p 2 ) 

+ A ]2 iv - p 3 ) + A 2 \{v - pO 2 . 

Again, if we equate coefficients of equal powers of v, we obtain three equations (for 
the coefficients of theiAu 1 , and v 2 terms). If we omit the A\\ term in eq. (A.27), we will 
then have three equations in two unknowns, which in general will not have a solution. By 
including this term, we can always find a solution. In this case also, however, there it a 
much simpler method. Consider eq, (A,27) and multiply through by (v - pi ) 2 : 

(v - ptfGM - * ll(v - Pt ) + A l2 + M[(V ~ P[)2 



"~/>2 



From the preceding example, we see immediately how to determine A ]2 : 



A, 2 =[<u-pi) 2 G(iO]| - 



b 2 p 2 + fcipi + by 



Pi ~ p2 
As for A\\ b suppose that we differentiate eq, (A.29) with respect to v: 



(A.29) 



(\3U) 



jfcliv - ptYGivy] =An + A 21 



2(v- pi) (v- P[ y 



It is then apparent that the final term in eq, (A.3 1) is zero for u = p, , and therefore. 



(A. 31) 



A N = 1— (t--pi)*G<v) 



ir = p t 



_ 2 hP\ + ^1 b 2 p 2 + bip] + 60 



<A.32) 



Pi -P2 



- n +\2 



(^1 - P2) 
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Finally, by multiplying eq. (A. 27) by v — p 2 , we find thai 

A. = [(„ - ftX^JU,, = *4± *'«£**. {A .3 3) 

This example illustrates all of the basic ideas behind partial-fraction expansion in the 
general case Specifically, suppose thai the denominator of G(v) in eq. (A. 1 2) has distinct 
roots pi p^ with multiplicities a L , tr T ; that is, 



G(v) = -- 



b n -iv n l +,„+A]V + lj[) 



Tn this case, G[v) has a partial-fraction expansion of the form 

&\2 Alnr. 



(A.34) 



G(v) = - 'i - + 



. .. + 



V- fit (v- pt) 1 (f -p,)^ 



+ — — +.. + 



V- P2 



(v - p 2 r> 



+ . . + - 



A r , 



(A.35) 



t- - p r 



r if. 



&lk 






-1 Jt-I 
where the Ajfc are computed from the equation 



+ ... + ...+ 



y 



(V - prf' 



A i = ' 



ttt/ 



^[tu-ft-r^v)] 



i»=/jj 



(A.36) 



This result can be checked much as in the example: Multiply both sides of eq. (A.35) 
by {v - p^"' and differentiate repeatedly, until A ik is no longer multiplied by a power of 
v - p f . Then set v = p^ 

Example A. 1 

In Example 4.25, we examine an LTI system described by the differential equation 

<AJ7) 



d 2 y{t) , dvl;) _ , ^ dx(t) „ N 



The frequency response of this system is 



yw + 2 



ijiiifi +4jw + 3 



(A.38J 



To determine the impulse response far this system, we expand H{jm) into a sum 
of simpler terms whose inverse transforms can be obtained b> inspection. Making the 
subsirution of v for jt$+ we obtain the function 

1 Here, we use the factona] notation r\ for the product r{r - \)C,r - 2.) 2 1 The quantity 1 is defined 

to be equal [o 1 
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The partial -fraction expansion for G{v) is then 

G(,o - ^T + "^V (A' 401 

t> + 1 v + 3 



where 



Ah = [cu+ ij<;<u)l| B = i= -zyri = T [XAU 

A 3 | = [(u+.1>0(i/Jl|„_ i= I 3 t 1 = 1 {XA2i 



Thus, 



J<b> + 1 Jtu 4- 3 

and Ihe impulse rcspoJiK-e of the system, obtained by inverting eq. {AA3)> is 

h{t) - ^f" r u{r) +■ -f ^H(f)^ (A.44) 

The system described by eq. (A.37^ can alsp be analyzed using the techniques 
uf Laplace transform analysis as developed in Chapter 9_ The system function fur this 

system is 

and if we ^substitute v tor s T w obtain the same G{v) given in eq (A.39)- Thus, the 
partial-fraction expansion proceeds exactly as in eqs. (A.4Q)-{AA2), with the result that 

«w - ,4t + riy tAW ' 

Inverting this transform we again obtain the impulse response, as given in eq. *A44). 

Example A. 2 

We now illustrate the method of partial-fraction expansion when there are repeated fac- 
tors in the denominator. In Example 4 2G\ we considered the response of the system 
described in eq, {A.37) when the input was 

j(0 ^ e 'u{t). (A.47) 

From eq . 4 .8 h the Founer transform of the uutput of the ^yste^1 is 

in* +■ 2 
(jto + ]) 2 (jni +■ 3) 

Substituting u for j"o>, we obtain the rational function 

G < v > = T—rrar-^ti- < A - 49 ' 
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The partial- fraction expansion for this function is 

v-Hl (v+1) 2 u + 3 



where, from ct], (A 36), 



Therefore* 



(2 — 1)! au * 

i*i Z = [<i ■ + l)-G(u)]L_ L - i, (A-52) 

-4u = r> + 3)C(u)]f (1 _- 3 ^ -i. <A,53) 



I I J: 

^» ^ — ^ ■+ , - \ M2 " -^tt- (A.54> 



and taking inverse transforms, we get 



><t) - 



1 -, 1 -x ] 

4* + 2" "4* 



u<0- (A-55) 



Again, this analysis could also have been performed using Laplace transforms, and the 
algebra would be identical to that gi\en in eqs. (AA9)-{A^55}. 



A3 PARTIAL-FRACTION EXPANSION AND DISCRETE -TIME 
SIGNALS AND SYSTEMS 

As mentioned previously, in performing partial- fraction expansions for discrete-time 
Fourier transforms or for z- transforms, it is often more convenient to deal with a slightly 
different form for rational functions. Suppose, then, that we have a rational function in the 
form 

G(v) = ^zf-±i^l±^^ (A .56) 

This form for G(v) can be obtained from G(v) in eq, (A, 12) by dividing the numerator and 
denominator by oq. 

With G(tr) as in eq. (A.56), the corresponding factorization of the denominator is of 
the form 

y} (i -p^vrw -p 2 -^...ci -p-^vr^ *"" 

and the form of the partial' fraction expansion that results is 
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The i?,jt can be calculated in a manner similar to that used earlier: 



R _ L f _ n yr t -k ^ r - A 



^[(l-p^fCMJ: 



*t=fl. 



(A. 59) 



As before, the validity of eq (A 59) can be determined by multiplying both sid&s of 
eq, (A,5S) by (1 — ^~ l vf\ then differentiating repeatedly with respeet to v, until B lti 
is no longer multiplied by a power of 1 - p~ ' u. and finally, setting v = p, . 

Example A. 3 

Consider the causal LTI system in Example 5. 19 characterized by the different* equation 



y[n\- jVln- lJ+iyIn-21 = 2x\nl 



The frequency response of the system is 

W) = 



\ — --e J" + -** --^ 

4 8 



(A .60) 



IA.61) 



For discrete -time transforms such as this, it is most conveniem to substitute: v for a Jt * . 
Making this substitution, we obtain the rational function 



1 - 4u +■ ^r 2 



(i - V«i ■- >) 



(A.62) 



Using the partial -fraction expansion specified by cqs, (A r 57^-(A r 59X we obtain 



B\\ = 



fi?i - 



I - ^u]G(f) 



1 - 4 »]G{v) 



7 l ~2 



- 4, 



n-4 



1 -2 



^ -2. 



(A. 63) 
(A. 64) 

(A 65) 



Thus h 



H(en = 



1 - \e-J™ 1 - ^ ^ 



(A.6G) 



and taking the inverse transform of eq. (A,66) h we obtain the unit impulse response; 

A[n] - 4|iJ «[!,] - 2^-\ n[nl (A.67> 

In Section 10.7, we developed the tools of ^-transform analysis for the exami- 
nation of discrete-time LTI systems specified by linear con stant-c<»ef fie Sent difference 
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equations. Applying those techniques to this example, we find that [he system function 
can be determined by inspection from eq r (A.GO) and is 



#(*)» 



l-U L + k" ; 



1--? 



(A.68) 



Then, substituting v for z ', we obtain G{v) as in eq. (A.62j. Thus, using the partial- 
fraction expansion calculations in eqs tA.63)— (A ,65), we find that 



tffr) = 



1 _ i 7 -l I ~_ J--L " 



vvhit-h, when inverted, again fields the unit impulse response of etj, (A. 67). 

Example A. 4 

Suppose that the input to the system considered in Example A3 is 

[IV* 
x\n] -U u\n\. 

Then from Example 5,20, the Fourier transform of the output is 

2 



Yte**} = 



(1 - if-^)(l - i^-^) 2 ' 



Substituting v for e ■''" yields 



G{») = 



(I -±u)(l- ^ 



Thus, using eqs, (A. 58) and (A. 59), we obtain the partial-fraction expansion 



B\\ _ B\z 



J.. n 1.^7 i L, 



1 -it, (1 - i U ) 2 1 - ±u 



and find 



*,, -H)^(l^ U |C{u) 



fl,i - (l - M G<>) 



= -4, 



= -2, 



5 2 , = Ml-^jG(*/> 



- 8 



u-2 



Therefore, 



F t jw) = -»- 



1-i* " 



2 8 

— -— + - 



0-^-J-) a l-^f-J- 



iA.^9) 



(A.70) 



(A,71) 



(A.72) 



(A.73) 



(A.74) 
(A.75) 
(*-76> 



(A.77) 
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which can be inverted by inspection as follows, using the Fottner transform pairs in 
Table 4.2: 



ylnj = 



- 4| iY - 2(ii + dQ]* + 8 (ij >«[«]. (A.78) 



Example A. 5 



Improper rational functions are often encountered in the analysis of discrete-time sys- 
tem*. To illustrate this, and also to shew how they can be analyzed using the techniques 
developed here T consider the causal LT1 system characterized by the difference equation 

y[n] + ^y[n - 1} + i>-[n - 2] = *[«] + M« - 1] - ^-j[fl - 21 + ^1" " H 
The frequency response of this system is 



1 + 3* - ^ + lie' 2 " + T e "^ 
Substituting v for i- - '", we obtain 



ff(e JM > = ■ . * j r 5 , (A, 79) 

fl & 



1 + 3u + ^u 2 +■ lv J 

1 + > lJ+ .i u l 

This rational function can be written as the sum of a polynomial and a proper 
rational function' 

G(v) = c + c,u + -J'ii'-t-^—, (A.81) 

i + iv + y 

Equating eqs. (A.SO) and £A.81) t and multiplying hy 1 + |v + ^u 2 , we obtain 
1 + 3u + -£ u 2 +■ -u 3 = (c. } +h}+ l-cr> + fj + b t )v 

I 5 \ , I 



Equating coefficients, we see that 



<A.82> 



Thus 



+ U ro + 6 c, r + 6 £ ^ 



1 5 11 

c<j + &o - 1 -* i»o = 0. 



J5f(*J-) = I + 2*--"- + *-^ j -. (A.&4) 

& D 
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Al£[>_ we can use the rneihod developed here to expand the proper rational function 
mcq. (ASl): 



flu , ^:l 



l + >4 lv 2 (1 +■ \v)0 + W) + ±v) (1 - ±v) 
The coefficients are 



An = 



i' + i" 



= J, 



f- .i 



£ u 



*■ - \r: Tr 



= -1 



■ = -Z 



Therefore „ we find that 



CA.S5) 



//(<*'*} = l + 2e JUJ 4- - 



i ._ 



i .._ 



1 + ^"J" 1 + ke~ JL 



and by inspection, we can determine (he impulse response of this system: 



h[n\ = S[n\ + 2Sln- LJ + 



SJ-l-01" 



(A. 86) 



(A,87) 
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The purpose of this bibliography is to provide the reader with sources for additional and 
more advanced treatments of topics m signal and system analysis. This is by no means 
meant to be an exhaustive list but rather it is intended to indicate directions for further 
study and several references for each. 

We have divided the bibliography into sixteen different subject areas. The first few 
deal with the mathematical techniques of signal and system analysis including texts on 
background mathematics (calculus, differential and difference equations, and complex 
variables), the theory of Fourier scries and of Fourier, Laplace, and ^-transforms, and addi- 
tional topics in mathematics that are commonly encountered and used in signal and system 
analysis, Seveial of the sections that follow deal with more thorough and specialized treat- 
ments of topics in .signals and systems introduced in this texU including filtering, sampling 
and discrete-time signal processing, communications, and feedback and control. We have 
also provided a list of other basic books on signals and systems as well as several texts on 
circuit theory. In addition, we have provided lists of references on several topics tha[ rep- 
resent important subjects for more advanced study for those interested either in expanding 
their knowledge of the methods of signals and systems or in exploring applications that 
make use of these advanced techniques. In particular we include sections on state space 
models and methods, multidimensional signal and image processing, speech processing, 
mult irate and multi re solution signal analysis, random signals and statistical" signal pro- 
cessing, and nonlinear systems. Finally we have included a list of references dealing with 
a sampling of other applications and advanced topic s T Together, the references collected in 
this bibliography should provide the reader with an appreciation for the breadth of topics 
and applications thai comprise the field of signals and systems. 
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1.4. 
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1.8. 

1.9, 

1.10. 
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1,12. 
1.13. 
1.14. 
1.15. 
1.16. 
1.17. 
1.18. 
1.19. 

1.20. 



-0.5 t -0.5, / -h j\l+j,1+J.l -j.1 -j 

5e :t \ 2e iJT , 3e~ !7T/2 r f-^ B . Jle JviA t 2e~ Jvil t j2e iirfA , 



,jvt2 ,-jiryu 



(a) P, - O.E„ = { 

(d) P< - 0, £ x = \ 

(a) n < 1 and n > 7 
<d) « < -2 and a > 4 



<b) F t = !,£* =* » 
(e) ^ = !,£■* * » 



(c) />* - I, £ tt = « 
(f) />, - 1, £. = * 
(c) w < -4 and n >2 



(b) n < -6 and n > 
(e) n < -6 and n > 

(a) / > -2 (b> r > -1 (c) r > -2 (d) t < 1 (e) r < 9 

(a) No (b) No (c) Yes 

{a) \n\ > 3 (b) dl t (c) H < 3, \n\ -» = (d) |r| -» =» 



(a) /* - 2, a = 0, ttt = a <f> = 7T 
(c) A = 1,* = ],u - 3,# - ? 



(a) r = f 



(b) Not periodic 
(e) Not periodic 



(b) A = l.a = h i> = 3, tf> = (1 
id) A - l.a = 2,cu = 100, <£ = ^ 
(c> JV - 2 



(d> Af = 10 

35 

Af = -|^ = -3 

4 

,4] =3./! = 0, A 2 *■ -l>t 2 = 1 

(a) y[n] = 2x[n - 2\ + 5*[fl - 31 f 2*[n - 4] (b) No 

(a) No (b) (c) No 

(a) No;e.g.,>-(-ir) = *(0) (b) Yes 

(a) Yes (b) Ye* (c) C ^ (2*0 + l)tf 

(a) Linear, not time invariant (b) Not linear, ti rue invariant 
(c) Linear, time invariant (d) Linear, not time invariant 

(a) co*00 (b> cos(3i - L) 
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2.1. (a> y t \n] - 2S[rt + 1] + 4S[*] + 2fi[n- 1J + 2Sj> - 21 - 2S[n - 4] 
(b) y 2 ( n \ = v,[« + 2] (c) > ? [n| - y 2 >i] 

2.2, A = /i - 9, B = a + 3 



2.3. 211 - i 

2.4, y\n\ = I 



1 1 



ww 



n - 6, 7 ^ n ^ 11 

6, 12 ^ n ^ 18 

24- n. 19 =s n == 23 

0, otherwise 
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2.5 
2,6 

1.7 



. N = 4 

(a) utn - 21 - u[n - 6] (b) u[n - 4] - w[rc - 8] 
(d) >OJ = 2u[n] - 6>J - S[n - I J 

t + 3, -2 < f s -1 

/ + 4, - 1 < t ^ 

2-2?, < t ^ 1 

0, elsewhere 



<c) No 



2-8. XO = 



2.9. 
2.10. 

2.11. 



2.12. 
2,13. 
2.14. 
2.15, 
2.16. 
2.17, 

2.18, 
2.19. 
2.20, 



0, 



=5 r == a 

a rS T rEk 1 

1 ^ f ^ 1 + a 
otherwise 



(b) a = 1 

1 T a — I, 1 2r i i 1 TU 

0, otherwise 

f 0, -« </ s 3 

(a) ?(/) = J — ^- 3 < i * 5 

(b) git) = e-X'-^uit - 3) - e *'- 5) u(l-5) (c) g(t) = 

I -e J 

(a) A = I (b> gL«l = 6[n] - iJSfn - 1] 
MO.*a(0 

(a) True (b) False <c> True (d) True 

(a) y(t} = U^^jv-e-*]^) 

(b) y(t) = ^k"'(cos3/ + s i n 3r)- e - 4 'i w (/> 
(1/4)" 'ufft- 1] 

(a) or = I.jB = 1 (b) [2(i)"-(JrM«j 
(a) 1 (bl (c) 
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3.1. jc(0 =4cos{;0 + 8cos<^f + f) 



3.2, jc[nj - 1 +2sin(^ft + if) + 4^^* + ^) 
33. we = j, flo = 2,^2 = tf-2 = \>as ~ 0-? = -2; 
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3.6. (a) x 2 (ax 3 {T) (b> x 2 (J) 
k = 



3.7. a k = 



r 



3.8- 
3,9. 

3.10. 

3.11. 

3*12. 

3.13. 

3.14. 

3.15. 

3,16. 

3.17, 

3.1k 

3.19. 

3.20, 



x\{t) = i/2sm{Trt\x2{t) = - Jls.jj^irl') 
flo = 3 p a, = L -2j>a 2 = -l,a$ = 1 + 2> 
oo = 0, a. , = -i^-2 = -2 j, a 3 = -3; 
A = 10,5 - £,C = 
c k = 6 for all £ 

Hifi^ 1 ) = trie**** 2 } = 2e ja/ \H(e^) = H(e^) = 

|jt|>8 

(a) (b) sin(^w + J) <c> D 

5i and 5j are not L.T1. 

5j and Si are not LTL 

(a) ^ + ;K0 = *<r) (b) tf(» = <tt-> 

fh) if{ito) = ( 



<*> 4S 3 + ^ + *o - *w 



■v ■- 

T ) (c) -cos/ 



l-h JW w J 
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4.2. 
43. 

4.4, 
4.5. 
4<6. 

4.7. 

4,8* 
4.9, 

4.10. 



(a) 



<» SS 



2 + jw 

(a) 2cosw (b) -2jsin2w 

<a> ^^(w - 2tt) - *-> /4 5(« + 2tt)] 

(b> 2ttS(w) + fl-teJ^S^ - 6tt) + e-J^&fa + 6tr)\ 

(a) l+cos4irf (b) -^^ 

*(,) = _ 23in[3^/2,^ f = ^r + | f or nonzero integers it 

<aj X,<y») = 2Jf(->w)cos*u (b) XM.M - jr^JfO'j) 
(C> X 3 (/<u) = -ai a *-'"JC(./4W) 

(a) neither* neither (b) imaginary, odd (c) imaginary, neither 
(d) real^even 



(a) 



sin if _ f"'" /-u^ sjiiht 



<»> ^ 



_/(!»" 



;tf 



(b) ^ 



(c) 



j/2ir, -2 s= o> < 
(a) X(» = i -jt2ir, ^ u < 2 
0, otherwise 
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4.11. 
4,12. 
4J3, 
4.14, 
4,15, 

4.16. 

4.17. 



A = },£ = 3 

(a) Na (b) Yes to Yes 

(a) *(i) = *r i S(/ - ^) 
(a) False (b) True 



(b) xya) = 



4, |o>| == 1 

0, 1< M ^ 4 



4.18, KO - 4 



5 
4 n 


1ft <1 


4^1' 


1 ^ H £ 5 


8 8' 


5 < |f| < 7 


o fc 


otherwise 



4 J 9, 
4,20. 



— ~-4j, 



v -"5 
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5.1. <a> 



f ** 



(b) 



ons* - '*' 



5.2, {«) 2cosw (b) 2ysin(2a>) 

5.3. (a) ^"^(a* - f ) - e _jW4 S<w + f » 

5A (a> , jW = J +C os(f rt ) <b) -4^^ 

5.5. jcfn] - '^ii*l r l^ T andji|ft] = for n = ±» 

5.6. (a) Xi(^ w ) = {2cosw)X(*-> w ) (b) JGte'*) = (MXte'")} 

5.7. (a) imaginary, neither (b) real, odd (c) real, neither 

f 1. n ^ -2 

5.8. *[*] ^Jn + 3 f -1 s= n == ] 

5.9. *[n] *= -£[« + 2] + 6[rt + l]+£[n] 

5.10, A = 2 

5.11, a = 17 

5.12, $ ^ |av| ^ 7T 

5.13, ft 2 [n] - -2(i) n M[ir] 

5.14, fc[*j - %8[x]- ^|«-2l 
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5.15. *>< = 3ir/4 

5.16. (a) a = ± (b) tf 

5.17. * t = i(-i)* 

5.18. a t - 1^)1*1 

5.19. (a) J/(e'*) = 



= 4 



(*) No 



:i -^ '«jri + \* ' w > 
(b) AfiJ = j}^)"*!*] + |(-7) ffl «f«J 

fl»> yi«] - |y[« - 11 = ^[«-1] 



Chapter 6 Answers 



6.1. (a) A - |tf(> )| <b) fo = -^f^ 

6.2. <ff<e^ a ) = —no(ti> } + 2irk for some integer*. 

6.3. (a) .4 = 1 (b) t(u>) > Oforw >0 

6.4. (a) 2cos(| n -7r) (b) 2sin(^n-^) 

6-5. (a) g(r) = 2coa{2(i>j) (b) more concentrated 

6.6. (a) g\ti\ = (-\) n (b) more concentrated 

6.7. (a) 1,000 Hz and 3,000 Hz (b) 800 Hz and 3,200 Hz 

6-8. IT — tilp ^ lii ^ IT 

6-9. Final value = 2/5, * c = 2/5 sec 

(-20, *)<s:0J 

6.10. (a) 20log 10 |//0'w)| * I 201og 10 (<«i), 0.1 <£ w <sc 40 

[32, a> :s> 40 



(b> 20log ]0 |/f(»| 



6,11. (a> 201og )0 1//(;w)l 



20. 

-20Jog l0 (w) + 6, 
-28, 

20, 

-201og lo (o>) + 14, 

-401o g|{> <tt) + 4S, 

0, 



<b) 201cgJtf(»lH -401og ]0 w p 



cu -e: 0.2 

0.2 <zz & <sz 50 

<*» :s> 50 

w <e:0.5 

0,5 ^o> ^50 

n» =s> 50 

^ <s: 1 

I «£<*> <sc 50 



-20log 10 w - 34, w ^> 50 



6.12. 
6.13. 
6.14. 



(a) not unique (b) unique 

Ha}**) = 0.2 x io- 4 ^;.™?t lo J 
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6.15. (») critically damped 
(c) overda raped 



(b) underdamped 
(d) underdamped 



6,16. y[n] + U[n-l) = ^xin) 



6.17. (a) oscillatory 

6.18. ho 

6.19. R > 2 /£ 
6.2th t(w> = 2 



(b) noriosciilatory 



Chapter 7 Answers 



7.1. |<u| >5 n 0O0tt 

7.2. (a)and(c) 

73. (a) 8,00(br <b) 8,00Gtt (c) i6,OO0w 
7.4. <a) i> fb) o> (c> 2w fl (d) 3« 

' 7", M ^ w 



7.5. |tf<»( - 



lit 



0, otherwise 



Wt , where ^ < w r < ^ - *£, <H(j<4) = 



7,6, 

7,7, 
7,8- 



7,9. 
7,10. 
7.11, 



7.12, 
7.13. 

7.14, 

7.15, 
7.16. 
7.17. 
7.18, 
7,19. 
7.20. 



■" msi: — ' 



(a) Yes 



2sin<w»772) 



X f 



jMlit'iTl 



(b) #(f) = X ct^ k,rt , whereas = 

i= -4 



n>o — 50tt 
(a) False 



0, 



k - 

I < jt ^ 4 

-4 ^ jt < -I 



<b) True {c> True 
(a) X^(y^) is real 
<b) Mas|X t (jtuH = 0,5 x 10 3 
(c) X" f (/iu) = Dfor>| a l,50(hr 
(d> X r 0«j) = X t (;(w - 2.0CHhr}) for == w ^ ZOOOw 

\m\ =s 750tt 
^| fl ] = R[ n -2] 

N = 2 

X [„] = 4<»^) 2 

Ideal luwpa^ filter with cutoff frequency -rr/2 and passbanrf gain of unity 

Ideal lowpass filler with cutoff frequency ir/4 and passband gain of 2 r 

(a) >>M = ^^ (b) j[«] = Jaw 



(a) Yes 



(b) No 
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Chapter 8 Answers 



8J. 
8.2. 
8J. 
8.4. 
8,5, 
8.S. 
8.7. 

m. 

8.9. 
8.10. 
8,11. 
8,12. 
8.13. 

8,14. 
8.15. 
8J6i 
8.17. 



(b) |«i c ! > 1,OOOtt 



(a) No constraint necessary 
MO = 

>(f) = sin2007rr 

«, — 3 
m - Sf 

A = 4 

MO = 2a» c M — 2 

(a) Yes (h) Yes, x{i) = iy{t)%mat c t}*^^ 

(a) \<o\ > 2w f (b> tiif) - <a ( , A = 2 

(a) #(;*>) = OforM ^ l,OO0*r (b) to,, = ] P O00irM = 4 



(a) ? s | to | s 
A = 0.5X 10" 4 
(a) p<0) - i 



3at. 



, Gain =1 (b) A = 210,1,^ = <d. 



(b> p(t7"i) -0 



tt>o ™ and o>n = tt 



3fl 



5ir 






7T 



8.1&. //(^") - 

8.19. /V = 20 
8.20. 



;> 



0< w < | 
-J -*><G 



Pl'*1 * X SEn - 2*] 



Chapter 9 Answers 



9.1. (a) tr>-5 <b) o- < -5 <c> -°° ^ ^ ^ * 
(d) no value of cr (e) H < 5 (f) <r < 5 

9.2. (a) ^.{Jkfj} > -5 (b) A - -l, f = -1,{R*{j} < -5 
93. 0te{£} - 3, £™{/3} arbitrary 

9.4: 1+2/1 -2j.<R*{s}< 1 

9.5. (a) 1 t l (b) T i <c) 1,0 

9.6. (a) no (b) yes <c) no <d) yes 

9.7. 4 

9.8. two sided 

9.9. jr(fl = 4e" 4 'u{f> - 2*- 3, «(0 



Answers 



W9 



9,10. 
9.11. 

Ml 

9,14. 

9.15. 
9.1fc 

9.17, 
9,18, 



9.19. 



9.20. 



(a) lowpass (b) bandpass (c) highpass 
\X(jt*)\ = 1 

(a) not consistent (b) consistent (c) consistent 
« - -1,0 = { 

x{s) = we* 2 - f 2 + jx.^ + ^ 4- i>], -f < 0144 < & 

(a) 2 (b) a > 

^ + 10^ + 16jp(l) = llx[t ) + 3^ 

(a) tf(j) = - TT L_ N feW>-^ 

(b) Lowpass 

(c) ^ = ji + m'^r ffl *f J > > -0-0005 

(d) Bandpass 

(a) -1^ «*{*}> -2 

(b) 1 + ^ P (M4> -2 

(a) e~'u\t)-e~ 2i u{t) 

(b) *-'«(/) 

(c) 2e f «(r)- f" 2 'M(0 



Chapter 10 Answers 



10.1. 
102. 

10 H 3, 
10,4. 
10.5. 
10-6, 
10,7. 
10.8. 
10.9. 
10.10. 



{a> \z\ > \ (b> \z\ < \ 

|o = 2, rc arbitrary 

poles at i = I^^ROC: |z| < ± 

(a) U (b) 2,0 (c) 1,2 

(a) No (b\ No (c) Yes (d) Yes 

3 

two sided 

*[»] = |"["]+ J(-2> n nrB] 



(c) b|> 1 (d) i<|z|<2 



(a) x[Q] = 1 r 4H = |>42] = -jf 



(b> x[0] = 3,Jt[^l] = -6.^-21 - 18 



10.11. 4*] = 

10.12. 
10.13, 
10.14, 



(in 



fS n ^ 9 
0, otherwise 

(a) highpa&s (bj lowpass (c) bandpass 

(a) Gfc) = 1 - £"*; |c| > (b> X(z) = {5^; \z\ > 

(a) no - 2 (b> G{z) = C-^) 1 
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10.15. (*)*n[nIaiMM^YM*l 

10.16. (a) Not causa] (b) Causal (c) Not causal 

10.17. <a) Yes (b) Yes 

10.18. (a) y[n] - \y[a - \] f * y [ n - 2] - x[n) - 6x[n 
(b) Ye* 

HU9. (a) *,(£) = _^.| r f> ' 



1 1 + 8r|n - 2] 



] - 



10.20, (*) -f-|r«rn] 



Chapter 1 1 Answers 



m 

11.3 

ha 
ii-s. 

11.6, 
11.7. 

ns, 

11,9. 
1110. 
1U1. 
U.12. 
11.13, 
11.14. 
11,15. 
11.16, 
11.17. 
11.1S, 
11,19, 
11.20. 



*<*> + n» s , 



Hl<T>ff a [.yJ 



1 l/f^O^ifOi/fifOW, 0C«(JJ 



. *< -J 

-!<*<! 

FIR 

£ > ~6 

-3 <t <0 

No, root locus stays on real a* is 

Double pole at * = - 1 , double zero at s = ] 

< k< | 

4 

Pole and zers positions alternate on Lhe real axis 
UnstaMefcraJl AT 
(a) (b) 1 
K>-\ 

-1 < K <4 
J <#< 1 
Unstable 
Gain margin is infinite, phase margin is 2 tan -1 Ji 



Index 



Absolutely summable impulse 

response, 113 
Absolutely integrable impulse 

response, 114 
Accumulation property 

discrete-time Fourier series, 221 
discrete-time Fourier transform, 

375-76 
unilateral z transform, 793 
Accumulator 44 
Acoustic feedback, 830-32, 855 
Adders in block diagrams, 125, 126 
Additivity property, 53 
Aliasing, 527-34 

All-pass systems, 430, 498, 681^82 
AM, See Amplitude modulation ( AM) 
Amplifier 
chopper, 652 
operational, S21, 806-07 
Amplitude modulation (AM), 236^37. 
322, 324, 583 
pulse-train carrier, 601-4, 605 
sinusoidal, 583-87 
complex exponential carrier, 583-85 
demodulation for, 587^94 
discrete-time, 619-23 
frequency-division multiplexing 

(FDM) using, 594-97 
single-sideband, 597-601 
sinusoidal carrier, 585-87 
Amplitude-scaling factor, 483 
Analog- to-digital (A-to-D) 
converter, 535 



Analysis equation 

continuous-time Fourier series, 19 1 
continuous-time Fourier 

transform, 288 
discrete-time Fourier series, 213 
discrete-time Fourier transform, 
361, 390 
Angle criterion, 836-40 
Angle modulation, 611-13 
Angle (phase) of complex number, 71 
Anticausality, 695 
Aperiodic convolution, 222 
Aperiodic signal, 12, 180 

continuous-time Fourier transform for, 

285-85 
discrete-time Fourier transform for, 
359-62 
Associative property of LTI systems, 

107-8 
Audio systems 

feedback in, 830-32, 855 
frequency-shaping filters in, 232 
Autocorrelation functions, 65 T 168, 

170-72, 738 
Automobile suspension system, analysis 

of, 473-76 
Average, weighted, 245 
Averaging system, noncausal, 47 

Band-limited input signals, 541 
Band-limited interpolation, 523-24 
Bandpass filters, 237-38, 326 
Bandpass sampling techniques, 564-65 
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Bandpass signal, 564-65 

Bandwidth of an LT1 system, 352-53 

Battled (triangular) window, 421 

Bernoulli, D., 178 

Bilateral Laplace transform. See Laplace 

transform 
Bilinear transformation, 814-15 
611,610 
Block diagram{s). 42 

cascade-form, 712, 713, 787-59 
causal LT1 systems . 708-1 3 T 

784-89 
direct-form, 712, 713, 787-89 
first-order systems described by 
differential and difference 
equations, 124-27 
parallel-form, 712. 713, 7S7-S9 
Bode plots, 436-39 

automobile suspension system, 475 
rational frequencv responses, 
456-60 
Break frequency 450 
Butterworth filters, 446-47, 505, 703-6 

Capacitor, 44 

Carrier frequency, 584 

Carrier signal, 583 

Cartesian (rectangular) form for complex 

number, 7] 
Cascade-form block diagrams, 712, 713, 

787-89 
Cascade (series) interconnection, 42 
Causal LTI systems. 46-48, J12-I3 h 
116-27 
block diagram representations for, 
708-13,784-89 
first-order systems, 124-27 
Laplace transform for, 693-95, 697 
^transform f or , 776-77 
Channel equalization, 609-10 
"Chirp" transform algorithm, 651 
Chopper amplifier 652 
Circle, unit, 743 
Circuit, quality of, 456 
Closed-loop system, 818 
Closed-loop poles, 834-36 



Closed-loop system function, 820 
Coefficient multiplier, 125, 126 
Coefficients, Fourier series. Set* Fourier 

series coefficients 
Communications systems. 582-653 
amplitude modulation with pulse-train 

carrier, 601-4,605 
discrete-time modulation, 619-23 
pulse-amplitude modulation, 604-10 
digital, 610 

intersymbol interference in b 607-10 
sinusoidal amplitude modulation, 
583-87 
with complex exponential carrier, 

5&3-S5 
demodulation for, 587-94 
discrete-time, 619—23 
frequency-division multiplexing 

<FDM) using, 594-97 
single-sideband, 597-601 
sinusoidal carrier, 585-87 
sinusoidal frequency modulation, 583, 
611-19 
narrowband, 613-15 
periodic square-wave modulating 

signal, 617-19 
wideband, 615-17 
Commutative property of LTI systems, 

104 
Compensation for nonideal elements, 

821-22 
Complex conjugate, 72 
Complex exponential s) 

discrete-time, periodicity properties 

of, 25-30 
general, 20-21 
harmonically related, 19 
linear combinations of harmonically 

related. See Fourier series 
LTI system response to, 1 82-86, 

226-31 
periodic, 186 

sinusoidal amplitude modulation and, 
583-85. 
Complex exponential signals, general, 
24-25 
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Complex numbers, 71 
Conditionally stable systems, 892 
Conjugate symmetry, 204-5, 206, 221, 

303-6, 375 
Conjugation property 

continuous-time Fourier series, 

204^5, 206 
continuous -time Fourier transform, 

303-6 
discrete- time Fourier aeries, 221 
discrete-time Fourier transform, 375 
Laplace transform, 687 

unilateral, 717 
^-transform, 770 
unilateral, 7$J 
Constants T time, 448 
dominant 500-501 
Continuous-time signals 
energy and power of, 5-7 
examples and mathematical 
representation of, 1-5 
sampling of, 4 
Continuous-time systems, 448-60 
Bode plots for rational frequency 

responses and, 456-60 
examples of, 39-4 1 
first-order, 448-51 
interconnections of, 41-43 
second- order, 451—56 
Continuous-to-discjete-time 

conversion, 535 
Convergence. See also Region of 
convergence 
continuous-time Fourier series, 

195-201 
contimious-ttme Fourier transform, 

289-90 
discrete-time Fourier series, 2 J 9-21 
discrete-time Fourier transform, 
366-67 
Con volution 
aperiodic, 222 

associative property of, 107-8 
commutative property of, 104 
defining continuous-time unit impulse 
function through, 131-32 



distributive property of, 104-6 
operation of, 79 T 85 
periodic, 222, 389-90 
Convolution integral, 90-102 

evaluating, 97-102 
Convolution property 

continuous-lime Fourier series, 206 
continuous-time Fourier transform* 

314-22 
discrete-time Fourier series, 

221,222 
discrete-time Fourier transform, 

3S2-S8 
Laplace transform, 687—88 

unilateral, 717-18 
z-traniform, 770-72 
unilateral, 793-94 
Convolution sum, 75-90. 384-86 

evaluating, 81-84 
Correlation function* 65 
Critically damped systems, 453, 467 
Cross-correlation functions, 65, 

168, 170 
Cutoff frequencies, 237 

Damped sinusoids, 21 
Damping ratio, 452-53 
dc offset, 207 
dc sequence, 224 
Deadbeat feedback, 907 
Decibels <dB), 232, 233, 437 
Decimation, 549-55 
Degenerative (negative) feedback. 

822, 831-32 
Delay, 44 
group, 430-36 
half-sample, 543-45 
unit, 125 
Delay lime, 406 
Demodulation, 585 
defined, 5*3 

sinusoidal amplitude modulation, 
587^94 
asynchronous, 590-94 
discrete-time, 622 
synchronous, 5S7-90 
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Difference equations 

discrete- time filters described by, 
244-49 
first-order recursive, 244-45 
nonrecursive^ 245-49 
linear constant-coefficient. See Linear 
constant-coefficient difference 
equations 
Differencing property 

discrete-time Fourier series, 222-23 
discrete-time Fourier transform, 

375-76 
^-transform, 775 
unilateral, 793 
Differential equations 

continuous-time filters described by, 
239-44 
RC htghpais filter, 241-44 
RC lowpas& filter, 239-4 L 
linear constant-coefficient. See Linear 
constant-coefficient differential 
equations 
Differentiating filters 

continuous-time, 2,12-34, 235 
discrete-time, 541-43 
Differentiation 

sdomain, 688-90, 717 
time-domain, 688, 717 
z domain, 772, 793 
Differentiation property 

continuous-time Fourier series, 206 
continuous time Fourier transform, 

306-8 
discrete-time Fourier transform, 380 
Differentiator 

block diagram representation of, 1 26 
digital, 541-43 
Digital-to-analog (D-tQ-A) converter, 535 
Direct Form I realization, 161-63 
Direct Form II realization, 161-63 
Direct-form block diagrams, 712, 713, 

787-89 
Dirichlet, RL„ ISO 

Dirichlet conditions, 197-200, 290, 316 
Discontinuities, 198-200 
Discrete Fourier transform (DFT) for 
finite-duration signals, 417-18 



Discrete-time Fourier serks pair, 213 
Discrete-time LT1 filters, 234-36 
Discrete-rime modulation, 619-23 
Discrete-time nonrecursive filters, 

476-82 
Discrete-time signals, 211 
energy and power of, 5-7 
examples and mathematical 
representation of, 1-5 
s&mplirtg of, 545-55 

decimation and interpolation. 

549-55 
impulse train, 545-49 
Disorete-lime systems, 46:-72 
first-order, 461-65 
second-order, 465-72 
Discrete-rime to continuous-time 

conversion, 535 
Dispersion, 433 
Distortion 

magnitude and phase, 428 
quadrature, 636 
Distribution theory, 36, 136 
Distributive property of LT1 systems, 

104-6 
Dominant time constant, 500-501 
Double-sideband modulation (D5B), 598 
Downsampling h 551 
Duality 

continuous-time Fourier transform, 
295, 309-1 L 322 
discrete- time Fourier (ran sFotttc, 390-96 
between discrete-lime Fourier 

transform and continuous-time 
Fourier series, 395-96 

Eeht>, 737 

Eigenf unctions, 183-84, 272 
Eigenvalue, 183, 272 
Elliptic filters, 446-47 
Encirclement property, 847- 5 1) 
Energy -density spectrum, 312, 349, 381 
Energy of signals, 5-7 
Envelope detector, 591, 592 
Envelope function, 285 
Equalization, 649 
channel, 609-10 
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Equalizer, zero-force, 649 

Equalizer circuits, 232, 233 

EuLer, L., 178 

Euler 1 ? relation, 71 

Even signals, 13-14 

continuous-time Fourier series, 206 
discrete-time Rjurier series, 221 

Exponentials. See Complex 
exponential (si 

Exponential signals, 14-30 

continuous-time complex, J 5-21 
discrete-time complex, 21-30 
real, 22, 23 

Extension problems, 137 

Fast Fourier transform (FFT), 182,418 
Feedback, See also Linear feedback 
systems 
applications of, 820-32 

angular position of telescope, 

816-18 
audio, 830-32, 855 
compensation for nonideal 

dements, 821-22 
inverse system design, 820—21 
inverted ponduhuiL 818-19 
population dynamics, 824-26 
sampled-data systems, 826-28 
stabilization of unstable systems, 

823-26 
tracking systems, 828-30 
closed-loop poles, 836-38 
deadbeat, 907 

degenerative {negative), 822, 831-32 
destabi Lization caused by, 830-32 
positive (regenerative), S3 1-32 
proportional, 823 
proportion±l-plu&-derivative, 824 
Type l T 906 
Feedback interconnection, 43 
Feedback padi, system function of, S20 
Filter(s), 231-50 
Butterwortb, 446-47, 505, 703-6 
continuous- time s described by 
differential equations, 239-44 
RC highpass filter, 241^44 
RC Lowpass filter, 239-41 



continuous- time differentiating t 

232-34,235,541 
discrete-time, described by difference 
equations, 244-49 
first-order recursive, 244-45 
nonre cursive, 245-49 
elliptic, 446-47 

finite impulse response <F1R), 122 
discrete-time, 476-82 
linear-phase, caudal, symmetric, 
579-80 
frequency -selective. 231. 236-39, 
318,423 
bandpass, 237-38, 326 
highpass, 237-38, 241-44, 

374-75, 387 
ideal, 237-39, 439-44 
lowpass, 237, 318, 321-22, 374-75, 

384, 440, 442, 443 
time-domain properties of ideal, 

439-44 
with variable center frequency, 
325-27 
frequency-shaping, 231, 232—36 
differentiating filters, 232-34, 235 
discrete-time LTI filters, 234-36 
infinite impulse response (J1R), 

123, 476 
maiched, 170-72, 2"5 
moving-average, 476-82 
nonideal, 444-47 
Filtering, cfcfined. 231 
Final-value theorem, 690-91 
Finite-duration signals, discrete Fourier 

transform for, 417- 1 a 
Finite impulse response (FIR) filters, 122 
discrete-time, 245-49, 476-82 
linear-phase, causal, s-yrnmetric, 
579-80 
Finite sum formula, 73 
First difference. 111. See also 

Differencing property 
First harmonic components, 187 
First-order continuous -time systems, 

448-51 
First-order discrete- time systems, 
461-65 
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First-order recursive discrete-time filters, 

244-45 
Forced response, 118 
Forward path, system function of, 820 
Fourier, Jean Baptiste Joseph, 179-81 
Fourier series, 177-283. See also 
Filters) 
continuous- time, 186-21 1 
analysis equation of, 191 
conjugation and conjugate 

symmetry of, 204—5 
convergence of r 195-201 
determination of b 190-95 
Dirichlet conditions, 197-200 
duality between discrete-time 

Fourier transform and, 395-96 
examples, 205-11 
Gibbs phenomenon, 2130-201, 219 
linear combinations of harmonically 
related complex exponentials, 
186-90 
linearity property of, 202 
multiplication property of, 204 
Parseval's relation for, 205, 206 
square wave, 193-95, 200, 201, 

209,218-19 
synthesis equation of, 191 
labJe of properties, 206 
time reversal. property of, 203 
lime scaling property of, 204 
lime shifting property of, 202-3 
discrete-time, 211-26 
analysis equation of, 213 
convergence of T 219-21 
determination of, 212-21 
first -difference property of T 

222-23 
linear combinations of harmonically 
related complex exponentials, 
211-12 
multiplication property of, 222 
ParsevaTs relation for, 223 
square wave. 219-20, 224 
synthesis equation of, 213 
table of properties, 221 
historical perspective, 178-82 
LTI systems and, 226-31 



Fourier series coefficients 
continuous-time, 191, 286 
convolution property of, 222 
discrete-time, 212, 213 
real and imaginary parts of, 216, 217 
Fourier series pair, discrete-time, 213 
Fourier transform, 180 
fast (ITT), 182, 41 8 
geometric evaluation from pole-zero 
plot, 674^82, 763-67 
all-pass systems, 681-82 
first-order systems, 676-77, 

763-65 
second-order systems, 677-81", 
765-67 
inverse, 284, 288 

magnitude-phase representation of, 
423-27 
Fourier transform, continuous-time, 
284-357. See also Laplace 
transform 
analysis equations, 300 
for aperiodic signal, 285-89 
convergence of, 289-90 
Dirichlet conditions, 290, 316 
even signals, 304 
examples of T 290-96 
Gibbs phenomenon, 294 
imaginary part of, 304 
impulse train, 299-300 
inverse* 284, 288 
odd signals, 304 
periodic signals, 296-300 
properties of, 300-330 
conjugation and conjugate 

symmetry, 303—6 
convolution, 314-22 
differentiation and integration, 

306-8 
duality, 295,309-11,322 
linearity, 301 
multiplication, 322—27 
Parse vaTs relation* 312-14 
tables of, 328-30 
time and frequency scaling. 308-9 
time shifting, 301-3 
real part of, 304 
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rectangular pulse signal, 293-94 

sine functions, 295 

symmetric periodic square wave, 

297-98 
synthesis equation for, 288, 300, 314 
two-dimensional, 356-57 
of unit impulse, 292 
Fourier transform, discrete-time, 
35S-422 
analysis equation, 361, 390 
convergence issues associated with, 

366-67 
development of, 359-62 
examples of, 362-66 
finite-duration signals, 417-18 
impulse train, 371-72, 376 
periodic signals, 367-72 
properties of, 372-90 

conjugation and conjugation 
symmetry, 375 

convolution, 382-88 

differencing and accumulation, 
375-76 

differentiation in frequency, 380 

duality, 390-96 

linearity, 373 

muttipli cation, 388-90 

Parsevars relation, 380-82 

periodicity, 373 

table of, 390, 391 

time expansion, 377-80 

time reversal, 376-77 

time shitting and frequency 
shifting, 373-75 
rectangular pulse, 365-66 
synthesis equation, 361, 390 
unit impulse, 367 
^-transform and, 743 
Fourier transform pairs, 288 
continuous-time, 329 
discrete-time, 361, 392 
Frequency (ies ) 
carrier, 584 
cutoff, 237 

differentiation in, 380 
fundamental, 17-18 
instantaneous, 613 



Nyquist,519 
passband, 237 
sampling, 5 1 6 
stopband, 237 
Frequency-division multiplexing (FDM), 

594-97 
Frequency-domain characterization. See 
Time-domain and frequency- 
domain characterisation 
Frequency response, 227-28 
continuous-time delay, 543 
continuous-time ideal band-limited 

differentiator, 541 
discrete-time delay, 543 
discrete-time Alter* 542 
first-order system, 677 
highpass filter, 374-75 
lowpass filter, 374-75 
discrete-time ideal, 384 
ideal, 318 
LT1 systems, 427-39 
LT1 systems analysis and, 316 
open -loop, 821 
raised cosine, 629 
rational. Bode plots for, 456-60 
second-order systems, 677-78, 6S0 
Frequency scaling of continuous -time 

Fourier transform, 308-9 
Frequency-selective filter 231, 236-39, 
318,423 
bandpass, 237-38, 326 
highpass, 237-38, 241-44, 

374-75, 387 
ideal, 237-39 

time-domain properties of, 
439-44 
towpass, 237 

variable center frequency, 325-2^ 
Frequency -shaping filters, 231, 
232-36 
differentiating filters, 232-34, 235 
discrete-lime LTl filters, 234-36 
Frequency shifting property 

continuous-time Fourier series, 206 
continuous-time Fourier transform, 

311, 328 
discrete-time Fourier series, 221 



946 



Index 



discrete-time Fourier transform % 
313-15 
Frequency shift keying (FSK), 646 
Fundamental components, 187 
Fundamental frequency, 17-18 
Fundamental period, 12 

continuous-rime periodic signal, 186 
discrete-time periodic signal, 211 

Gain, 428 

linear feedback systems, 835, 858-66 

tracking system, 829-30 
General complex exponentials, 20-21, 

24-25 
Generalized functions, 36, 136 
Gibbs phenomenon, 200-201, 219, 294 
Group delay, 430-36 

Half-sample delay, 543-45 
Hanning window, 422 
Harmonically related complex 

exponentials, 19 
Harmonic analyzer, 200 
Harmonic components, 187 
ffeat propagation and diffusion, 180 
Higher order holds. 526-27 
Highpass filter, 237-33 

frequency response of, 374-75 

ideal bandstop characteristic, 387 

/tC, 241-44 
Hi ghpas s-to-lo wpas s 

transformations, 498 
Hilbert transform, 35 1 
Hold(s) 

higher order, 526-27 

zero-order, 520-22, 523-26 
Homogeneity (scaling) property, 53 

Ideal frequency -selective filter, 237-39 
time-domain properties of, 439-44 

Idealization, 67 

Identity system, 44 

Image processing 

differentiating filters for, 232-34, 235 
phase representation and, 425-27 

Imaginary part 

complex number, 71 



Fourier series coefficients, 2 i 6, 217 
Impulse response 

absolutely integrable, 114 
absolutely summable, 113 
associated with group delay, 435-36 
causal LX1 system, 112 
continuous-time ideal lowpass 

filter, 442 
discT^te-time ideal lowpass filter, 442 
firsH>Tder discrete-time system, 

461-62 
ideal lowpass filter, 321-22. 384 
second-order systems, 677-78 
discrete-time systems, 466-68 
Impulse train 

contiguous-time Fourier series of, 

208-10 
continuous-time Fourier transform of, 

299-300 
discrete-time Fourier transform of. 
371-72, 376 
Impulse-train sampling, 5I6-2U, 545-49 
Incrementally linear systems, 56 
Independent variable, 3-4 
transformation of, 7—14 
Infinite impulse response (ITR) filters, 

123, 476 
Infinite sum formula, 73, R9 
Infinite Taylor series, 277 
Initial -value theorem 

Laplace transform, 690-91 
^-transform, 773-74 
Instantaneous frequency, 613 
Integral, convolution, 90-102 

evaluating, 97-102 
Integration, in time-domain, 690, 717 
Integration property 

continuous- time Fourier series, 206 
continuous- time Fourier transform, 
306-8 
Integrator, 126-27 
Interconnection 

convolution property and analysis of, 

386-87 
distributive property of convolution 

and, 105 
feedback, 43 
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LTI systems 

Laplace transform for, 707-8 
system functions for, 707-8 
^-transform for, 784 

parallel y 42-43 
Interference, intersymbol, 607-10 
Imermediate-frequency (IF) stage, 5% 
Interpolation, 549-55 

band-limited, 523-24 

linear, 522-23, 526 

reconstruction using, 522-27 
Intersymbol interference (1S1), 607-10 
Inverse Fourier transform, 284, 288 
Inverse Laplace transform, 670-73 
Inverse LTI system, 734 
Inverse system design, 820-21 
Inverse systems, 45-46 
Inverse ^-transform, 757-63 

examples of, 79-92 
Inverted pendulum, 8 1 8-1 9 
Invenibility of LTI systems, 109-1 1 
Invertible systems, 45^46 

Lacroix, S.F, 180 
Lag. phase, 491-92 
Lag network, 890 
Lagrange, J.L., 178-79, 180 
Laguerre polynomials, 738 
Laplace, RS. de, ISO 
Laplace transform, 654-740 
bilateral, 655, 714 
geometric evaluation of, 674-82 
all-pass systems, 681-82 
first-order systems, 676-77 
second-prater systems, 677-81 
inverse, 670-73 
LTI system analysis and 

characterization using, 693-706 
causality, 693-95, 697 
linearity constant-coefficient 

differential equations, 698-700 
stability, 695-98 
poles of, 660 

pole-zero plot of, 660-62, 674 -S 2 
properties of, 682-92 
conjugation, 6&7 
convolution, 687-8 S 



differentiation in s domain, 688—90 
differentiation in time-domain, 688 
initial- and final-value theorems, 

690-91 
integration in time-domain, 690 
linearity, 683-84 
^-domain shifting, 685 
table of, 69 1-92 
time scaling, 685-87 
time shifting, 684 
region of convergence for, 657—58, 
662-70 
left-sided signal, 666, 669 
rational transform, 669 
right-sided signal, 665-66, 669 
two-sided signal, 666-68 
s-plane representation of, 660 T 

663-64 
as system function, 6y3, 701-13 
block diagram representations, 

708-13 
Butterworth filters, 703-6 
interconnections of LTI systems. 
707-S 
transform pairs, 692-93 
unilateral, 714-20 
examples of, 714—16 
properties of, 7i6-l9 
solving differential equations using, 
719-20 
zeros of, 660 
Lead, phase, 491-92 
Lead network, 890 
Left-half plane, 666 
Left-sided signal, 666 
Linear, time-invariant (LTI) systems, 

41, 56, 74-176. See also Linear 
constant-coefficient difference 
equations; Linear constant- 
coefficient differential equations 
bandwidth of, 352-53 
causal, 46-48, 112-13. 116-27 
block diagram representations for, 

124-27,708-13. 784-89 
described by linear constant- 
coefficient difference equations, 
116, 121-24,396-99 
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described by linear constant- 
coefficient differential equations, 
116, 117-21 . 
real-part sufficiency property 
of, 417 
continuous-time, 90-102 

convolution -integral representation 

of, 94-102 
described by linear constant- 
coefficient differential equations, 
330-33 
representation in terms of impulses, 
90-94 
convolution property and, 319—21 
discrete-time, 75-90 

convolution -sum representation of, 

77-90 
representation in terms of impulses, 
75-77 
feedback. See Linear feedback. 

systems 
filtering with, 231, 234-36 
Fourier series and, 226-31 
frequency response of, 316 

magnitude -phase representation of, 
427-39 
interconnection of 

Laplace transform for, 707-8 
c-transfomi for, 784 
inverse, 109-11,734 
Laplace transform to analyze and 
characterize, 693-706 
causality, 693-95, 697 
linearity constant-coefficient 
differential equations, 
698-700 
stability, 695-98 
with and without memory, 108-9 
properties of, 103—8 
associative, 107-8 
commutative, 104 
distributive, 104-6 
response to complex exponentials, 

182-86, 226-31 
stability for, 113-15 
system functions for interconnections 
of, 707-8 



unit impulse response of cascade of 

two, 107 
unit step response of, 115-16 
windowing in design of, 420-21 
z-transform to analyze and 
characterize, 774-83 
causality, 776-77 
stability, 777-79 
Linear constant^coefncient difference 

equations, 116, 121-24, 396-99, 
779-81 
finite impulse response (FIR) 

system, 122 
infinite impulse response (1ER) 

system, 123 
natural responses as solutions to, 122 
nonrecursive, 122 
recursive, 122, 123 
unilateral ^-transform to solve, 
795-96 
Linear constant-coefficient differential 
equations, U 6, 117-21, 330-33, 
698-700 
block diagram representation of, 

124-27 
initial rest condition, 119-20 
natural responses as solutions to, 

119, 121 
particular and homogeneous solutions 

to, 118-19 
unilateral Laplace transform to solve, 
719-20 
Linear feedback s>stems, 816-908. 
See also Feedback 
closed-loop, 818 
gain and phase margin, 835 + 

858-66 
Nyquist stability criterion, 
846-58 
continuous-time, 850-55 
discrete-time, 856-58 
encirclement property, 847-50 
open-loop, 818 

properties and uses of, 819-20 
root-locus analysis of, 832-46 
angle criterion, 836-40 
end points, 836 
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equation, for closed-loop poles, 

834-36 
properties of, 841-46 
sampled-data, 826-28 
Linear interpolation, 522-23, 526 
Linearity, 53-56 
Linearity property 

continuous-time Fourier series. 

202, 206 
continuous-time Fourier 

transform, 301 
discrete- time Fourier series, 221 
discrete-time Fourier transform, 373 
Laplace transform, 683-84 

unilateral 717 
Z- trans form, 767 
unilateral, 793 
Log magnitude-phase diagram, 861-62, 

864-66 
Log-magnitude plots, 436-39 
Lossless coding, 46 
Lowpass filters, 237 

frequency respense of, 374-75 
ideal 
cotttinuous-time, 440, 442, 443 
discrete-time, 384, 442, 443 
frequency response of, 318 
impalse responses of h 321-22, 

384,442 
step Fespense of, 443 
RC t 239-41 
Lowpass-to-highpass transformations, 

498 
LTL See Linear, time-in variant (LTI) 
systems 

Magnitude of complex number, 71 
Magnitude-phase representation 
Fourier transform, 423-27 
frequency response of LTI systems, 
427-39 
group delay, 430-36 
linear and nonlinear phase, 428-30 
log-magnitude and Bode plots, 
436-39 
Mass-spring-dashpet mechanical 
system, 824 



Matched filter, 170-72, 275 
Measuring devices, imperfect, 355-56 
Memory, LTI systems with and without, 

108-9 
Memoryless systems, 44 
Michelson, Albert, 200 
Modulating signal, 583 
Modulation. See also Sinusoidal 
amplitude modulation 
angle, 611-13 
defined, 582 
discrete-time, 619-23 
double-sideband (DSB), 598 
percent, 591 
phase, 611 -13 
pulse-amplitude, 604-10 
digital, 610 

intersymbol interference in, 607-10 
pulse-code, 610 

sinusoidal frequency, 583, 611—19 
narrowband, 613-15 
periodic square-wave modulating 

signal, 617-19 
wideband, 615-17 
Modulation index, 591, 6J4 
Modulation property, 323. See also 

Multiplication property 
Monge, G„ 180 

Moving-average filters, 245-47, 476-82 
Multiplexing 
defined, 5 S3 

frequency-division (FDM), 594-97 
quadrature, 646 
time-division (TDM), 604, 605 
Multiplication property 

continuous-time Fourier series, 

204,206 
continuous-time Fourier transform, 

322-27 
discrete-time Fourier series, 22 K 222 
discrete-time Fourier transform, 
38&-90 
Multiplicities, 155 

Narrowband frequency modulation, 

613-15 
Natural frequency, undamped, 452-53 
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Natural responses, 119, 121, 122 
Negative (degenerative) feedback, 822, 

831-32 
Networks, lag and lead, &90 
Nonanticipative system, 46—47 
Noncausal averaging system* 47 
Nonideal filters, time-domain 

and frequency -domain 

characterization of, 444-47 
Nonrecursive filters. See Finite impulse 

response (FIR) filters 
Nonrecursive linear constant -coefficient 

difference equations, 122 
Normalized functions, 273 
Nyquist frequency, 519 
Nyquist plots, 853-58 
Nyquist rate, 519, 556 
Nyquist stability criterion, 846-58 
continuous time, 850—55 
discrete- time, 856-53 
encirclement property, 847-50 

Odd harmonic continuous-time periodic 

signal, 262 
Odd signals, 13-14 

continuous-time Fourier series, 
206 

discrete- time Fourier series, 221 
Open -loop system, 818 
Open-loop frequency response, 821 
Operational amplifiers, 821, 896-97 
Orthogonal functions, 273-75 
Orthogonal signals, 280-fcl 
Orthonormal functions, 273-75 
Orthonormal signals, 280^81 
Oscilloscope* sampling, 534 
Overdamped system, 453 
Oversamplingn 529 
Overshoot, 454 

Parallel-form block diagrams, 712, 713, 

787-89 
Parallel interconnection, 42-43 
Parity check, 610 
Parse val's relation 

continuous-time Fourier transform, 

312-14 



continuous-time Fourier series, 

205, 206 
discrete-time Fourier transform, 

380-B2 
discrete-tame Fourier series, 223 
Partial-fraction expansion, 909-20 
continuous-time signals and systems 

and. 910-16 
discrete-time signals and svstems and T 
916-20 
Passband edge, 445 
Passband frequency, 23 "^ 
Passband ripple, 445 
Pendulum, inverted, 81 ft- 19 
Percent modulation, 591 
Period, sampling, 516 
Periodic complex exponentials, 

16-20 T 186 
Periodic convolution, 222, 389-90 
continuous-time Fourier series, 206 
discrete-time Fourier series, 221 
Periodicity property of discrete-time 

Fourier transform, 373 
Periodic signals, 11-13. See also 

Fourier transform; Fourier series; 
Periodic complex exponentials; 
Sinusoidal signals 
continuous- time. 12 
discrete-time, 12 
power of, 312 
Periodic square wave 

continuous-time, 193-95, 2OO-201, 
209, 218-1?, 285-86, 297-98 
discrete-time, 219-20. 224 
Periodic train of impulses 

continuous- time Fourier series of, 

208-10 
continuous-time Fourier transform of, 

299-300 
discrete-time Fourier transform of, 
371-72,376 
Periodic signal, odd-harmonic, 262 
Phase (angle) of complex number, 71 
Phase lag T 493-92 
Phase lead, 491-92 

Phase margin in linear feedback sysiems, 
858^66 
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Phase modulation,, 611-13 

Phase .reversal, 532 

Phase shift, 42B, 636 

Plant, 828 

Polar form for complex number. 71 

Poles 

closed-loop, 834-36 

Laplace transform, 660 
Pole-zero plot(s) 

all-pass systems, 682 

first-order systems, 676-77, 763—65 

Laplace transforms, 660-62, 674-S2 

second order systems, 678—80, 
765-67 

^-transform, 763-67 
Polynomials, Laguerre, 73& 
Population dynamics, feedback model of, 

824-26 
Positive (regenerative) feedback, 

831-32 
Power of signals, 5-7 T 312 
Power-series expansion method, 761-63 
Principal -phase function, 433, 434 
Proportional feedback system, 823-24 
Proportional (P) control, 905 
Proportional -plus- derivative 

feedback, 824 
Proportional-plus- integral (PI) 

control 905 
Proportional -plus- integral -pi us- 

differenital (RID) control, 905 
Pulse-amplitude modulation, 604-10 

digital, 610 

intersymbol interference in, 6Q7-10 
Pu!se-code modulation, 610 
Pulse-train carrier, 601-4, 605 

Quadrature distortion, 636 
Quadrature multiplexing, 646 
Quality of circuit, 456 



Real part 

complex number, 71 
Fourier series coefficients, 216, 217 
Real-part sufficiency, 350, 417 
Rectangular (Cartesian) form for 

complex number, 71 
Rectangular pulse 

continuous-time, 293-94 
discrete-time, 365-66 
Rectangular window,-420 
Recursive (infinite impulse response) 

filters, 123,476 
Recursive linear constanl-coeffiirieni 
difference equations, 122^ 123 
Regenerative (positive) feedback. 

831-32 
Region of convergence 

Laplace transform, 657-58, 662-70 
left-sided signal, 666, 669 
rational transform, 669 
right-sided signal, 665-66, 669 
two-sided signal, 666- 68 
^-transform, 743-44, 74&-57 

bounded by poles or infinity, 756 
centered about origin, 748-49 
finite -duration sequence, 749-50 
left-sided sequence, 751, 752 
right- sided sequence, 750^51, 752 
two-sided sequence, 751-53 
Right-half plane, 666 
Right-sided signal, 665-66 
Ringing,. 443, 454 
Rise time, 352-53, 444 
Root-locus analysis, S32-46 
angle criterion, 836-40 
end points. 836 

equation for closed-loop poles, 834-36 
properties of, &41-46 
Running sum of discrete-time Fourier 
series, 221 



Raised cosine frequency response. 629 
Rational frequency responses. Bode plots 

for, 456-60 
RC highpass filter, 241-44 
RC Jowpass filter, 239-41 
Real exponential signals, 15, 22, 23 



Sarnpied-data feedback systems, 
826-28 

Sampling, 29, 39,514-81 
aliasing, 527-34 
bandpass signaJ. 564-65 
continuous-time signals, 4 
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discrete-time processing of 
continuous-time signals, 
534-45 
digital differentiator, 541-43 
half-sample delay, 543—45 
discrete-time signals, 545-55 
decimation and interpolation, 

549-55 
impuEse train, 545—49 
impulse-train, 516-20, 545-49 
reconstruction using interpolation, 

522-27 
with zero-order hold. 520-22, 523-26 
Sampling frequency, 516 
Sampling function, 516 
Sampling oscilloscope, 534 
Sampling period, 516 
Sampling property of continuous-time 

impulse, 35 
Sampling theorem, 514-15, 51 8 
Scaling (homogeneity) property, 53 
Scaling in z domain, 768-69, 793 
Scrambler, speech, 633-34 
Second harmonic components, 187 
Second-order continuous-time systems, 

451-56 
Second-order discrete-time systems, 

465-72 
Series (cascade) interconnection, 42 
Shifting property 
s-domain, 717 

unilateral z transform, 794-95 
Sifting property 

continuous-time impulse, 90-92 
discrete-time unit impulse, 77 
Signals}, 1-3S. See also Periodic signals 
continuous' time and discrete-time, 
1-7 
energy and power of, 5-7 
examples and mathematical 

representation of, 1-5 
sampling of, 4, 545-55 
exponential and sinusoidal, 
14-30, 186 
continuous-time complex, 15-21 
discrete-time complex, 21-30 
real 22, 23 



transformation of independent 
variable, 7-14 
examples of, 8-11 
unit impulse and unit step functions, 
30-38 
continuous-time, 32-38 
discrete-time, 30-32 
Sine functions, 295 
Single-sideband sinusoidal amplitude 

modulation, 597-601 
Singularity functions, 36, 67, 127-36. 

See also Unit impulse 
Sinusoidal amplitude modulation, 
583-87 
complex exponential carrier, 

583-85 
demodulation for, 587-94 
asynchronous, 590-94 
synchronous, 587-90 
discrete-time, 619-23 
frequency-division multiplexing 

(FDM) using, 594-97 
single-sideband, 597-601 
with sinusoidal carrier, 585—87 
Sinusoidal frequency modulation, 583, 
611-19 
narrowband, 613-15 
periodic square-wave modulating 

signal, 617^19 
wideband, 615-17 
Sinusoidal signals, 14-30, 186 
continuous-time complex, 15-21 
discrete-time, 24 
discrete-time complex, 21-30 
real, 22, 23 
Sinusoids, damped, 21 
Sliding, 35 
Spectral coefficient. See Fourier series. 

coefficients 
Spectrum, 28S, 361. See also Fourier 
transform 
energy-density, 312, 349, 381 
Speech scrambler, 633—34 
Square wave, periodic 

continuous-time. 193-95, 200-201, 
209, 218-19, 285-86, 297-98 
discrete-time, 219-20, 224 
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Stability, 48-50 

feedback systems, 858-66 
LTI systems, 113-15, 695-98, 
777-79 
Stabilization with feedback, 823-26 
Step-invariant transformation, 82 8 T 908 
Step response, 115-16 

automotive suspension system, 476 
continuous-time ideal lowpass 

filter, 443 
discrete-time ideal lowpass filter, 443 
first-order discrete- time system, 

461,463 
second-order discrete-time systems, 
466, ,468 
Stopband edge, 445 
Stopband frequency, 237 
Stopband ripple, 445 
Stroboscope effect, 533-34 
Sufficiency, real-part, 350, 417 
Summer, 44 
Superposition integral. See Convolution 

integral 
Superposition property, 53 
Superposition sum. See Convolution sum 
Suspension system, analysis of, 473-76 
Symmetry, conjugate, 204-5, 206, 221, 

303-6, 375 
Synthesis equation 
continuous-time Fourier series, 191 
continuous- time Fourier transform, 

288, 300, 314 
discrete-time Fourier series, 213 
discrete-time Fourier transform, 
361, 390 
System function(s), 227 
closed-loop, S20 
feedback path, 820 
forward path, 820 
interconnections of LTI systems, 

707-8 
Laplace transform as, 693, 701—13 
block diagram representations, 

708-13 
Butterworth filters, 703-6 
interconnections of LTI systems, 
707-8 



^-transform as, 781-89 

block diagram representations. 

784-89 
interconnection of LTI systems, 784 
Systems, 38-56 

continuous-time and discrete-time, 
38-43 
examples of, 39-41 
first-order, 448-5 L 461-65 
interconnections of, 41-43 
second-order, 451-56, 465-72 

properties of, 44-56 
causality, 46-48 
invertible and inverse, 45-46 
lirkearity, 53-56 

memory and memory less, 44-45 
stability, 48-50 
time-in variance , 50-53 

Taylor series, infinite, 277 

Telescope, angular position of, 816-18 

Time, 3-4 

Time advance property of unilateral 

^-transform, 793 
Time constants, 448 

dominant, 500-501 
Time delay property of unilateral 

z-transform, 793 
Time-division multiplexing (TDM), 

604,605 
Time-domain and frequency-domain 
characterization, 423-5 1 3 
continuous-time systems, 448-60 
Bode plots for rational frequency 

responses and, 456-60 
first-order, 448-51 
second-order, 451-56 
discrete-time systems, 461-72 
first-order, 461—65 
second order, 465-72 
examples of, 472-82 

automobile suspension system, 

473-76 
discrete-time nonrecursive filter. 
476-82 
magnitude-phase represented on 
Fourier transform, 423-27 
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frequency response of LTI systems, 
427-39 
nonideal filters, 444-47 
Time expansion property 

discrete-time Fourier series 22' 
discrete-time Foun f onri 

377-80 
^-transform, 769-70 
unilateral, 793 
Time invariance, 50-53, 77 
Time reversal property, 8 

continuous-time Fourier series, 

203, 206 
continuous- lime Fourier 

transform, 309 
discrete -time Fourier series. 221 
discrete-time Fourier transform, 

376^77 
Laplace transform, 687 
;- transform, 769 
Time scaling property, 8, 9, 10 
continuous-time Fouriei series, 

204,206 
continuous-time Fourier transform, 

308^-9 
discrete-time Fourier series, 221 
discrete-time Fourier transform, 

377-80 
Laplace transform, 685-87 

unilateral, 717 
^-transform, 769-70 
unilateral, 793 
Time shifting properly, 8-9, 10 
continuous-time Fourier series, 

202-3, 206 
continuous- time Fourier transform, 

301-3 
discrete-time Fourier series, 221 
discrete-time Fourier transform, 

375-75 
Laplace transform, 6&4 
^-transform, 767-68 
Time window, 420 
Tracking systems, 828-30 
Transfer function. See System 
function^) 



Transformation 

bilinear, 814-15 

highpass-to-lowpass, 498 
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